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A lo largo de los últimos 40 años, las diferentes misiones del proyecto Landsat han 
proporcionado una gran cantidad de información espectral sobre la superficie terrestre. Las 
imágenes obtenidas por estos satélites se caracterizan por una resolución espacial de tipo 
medio, bandas espectrales situadas en diferentes regiones del espectro electromagnético 
(ópticas y térmicas) y una amplia cobertura terrestre.  
Si bien las bandas del óptico han sido utilizadas con éxito en numerosas aplicaciones, el 
uso del térmico ha sido mucho más limitado, a pesar de la gran importancia que representa el 
parámetro de la temperatura de superficie para numerosas aplicaciones ambientales, 
especialmente para aquellas relacionadas con la modelización de los flujos de energía en el 
sistema suelo-vegetación-atmósfera y con el cambio global. 
En este contexto, el objetivo principal de la presente investigación es explorar el potencial 
de la temperatura de superficie terrestre (siglas en inglés - LST), derivada de imágenes 
Landsat, en el estudio de ecosistemas heterogéneos, concretamente (i) áreas afectadas por los 
incendios forestales y (ii) ecosistemas de dehesa,formaciones constituidas por los árboles 
dispersos y pastizal/cultivos.  
En primer lugar, en el marco del proyecto BIOSPEC “Linking spectral information at 
different spatial scales with biophysical parameters of Mediterranean vegetation in the 
context of Global Change” (http://www.lineas.cchs.csic.es/biospec) se comparan las 
diferentes metodologías disponibles para la estimación de la LST a partir de la banda térmica 
de Landsat. Los mejores resultados, en condiciones atmosféricas caracterizadas por niveles 
medios de contenido de vapor, se obtuvieron usando el método mono-banda (en inglés - 
SingleChannel) (Jiménez-Muñoz et al., 2003), con un error de estimación menor de 1 K. 
En el siguiente paso de la investigación  la información sobre la distribución de LST 
derivada del sensor Thematic Mapper se utilizó en el análisis de la severidad del fuego en una 
zona forestal de Las Hurdes(Extremadura, España), y en el estudio de los efectos ocasionados 
por los diferentes tratamientos post-incendio en una zona quemada, esta vez localizada en los 
Montes de Zuera (Zaragoza, España). 
En relación con la severidad del fuego analizada en diferentes fechas post-incendio, se han 
detectado diferencias estadísticamente significativas entre los valores de LST 
correspondientes a las categorías de severidad establecidas a partir del índice espectral ΔNBR 
(Key y Benson, 2006).Los niveles de LST más elevados se observaron en las zonas donde la 
severidad del fuego fue mayor, debido a la menor emisividad de los productos de combustión 
y los cambios en el balance de energía relacionados con la ausencia de vegetación. 
En cuanto a las consecuencias de los tratamientos de madera quemada en la regeneración 
vegetal, se han observado diferencias estadísticamente significativas entre las áreas 
intervenidas y no intervenidas. En este sentido, en las áreas no intervenidas se registraron 
valores de LST ~1 K más bajos y niveles de recubrimiento vegetal ~10% más altos que en las 
intervenidas.  
En otro ámbito de aplicación, los datos de LST obtenidos mediante imágenes de Landsat-
5 TM (período 2009-2011), se utilizaron en el análisis de los patrones espacio-temporales de 
la LST  y su relación con el grado de ocupación de la fracción arbórea en ecosistemas de 
dehesa. Se ha detectado una relación negativa entre la LST y la cobertura arbórea, con 
diferencias a nivel estacional debido al dinamismo del ciclo fenológico del pastizal.  
Los resultados de la investigación permiten afirmar que la LST puede ser obtenida  
mediante  las imágenes Landsat con el error alrededor de 1 K, aceptable para modelización de 










Landsat missions have been providing spectral data for research of land surface processes 
for more than 40 years. Landsatprovides global coverage with multispectral images, which 
include optical and thermal bands at the medium spatial resolution. 
While optical bands have been successfully used in a wide range of applications, the use 
of thermal data has been much more limited, in spite of a great importance of land surface 
temperature (LST) for environmental applications, especially those related to modeling 
energy fluxes in soil-vegetation-atmosphere systems and terrestrial global change research.  
In this context, the main goal of this research is to explore the potential of Landsat-derived 
LST in heterogeneous ecosystems of (i) the areas affected by wildfire burns and (ii) tree-grass 
woodlands (Spanish dehesas). 
First, different methods currently used for LST estimation from Landsat thermal bandare 
compared in the frame of BIOSPEC“Linking spectral information at different spatial scales 
with biophysical parameters of Mediterranean vegetation in the context of global change” 
project (http://www.lineas.cchs.csic.es/biospec). The best results with an error below 1 K 
were obtainedusing Single Channel method (Jiménez-Muñoz et al., 2003) in atmospheric 
condition characterized by low/moderate levels of atmospheric water content.  
Next, data on LST distribution derived from the Thematic Mapper sensorwere used in 
assessment ofburn severity in the Las Hurdes forest burn (Extremadura, Spain) and in analysis 
of effects of different post-fire treatments in the Montes de Zuera burn (Zaragoza, España).  
In respect of burn severity analyzed at different moments after the fire, statistically 
significant differences in LST have been detected between burn severity categories 
established based on ΔNBR spectral index (Key y Benson, 2006).Higher LST levels were 
observed in zones of greater fire severity, due to the lower emissivity of combustion products 
and changes in the energy balance related to vegetation removal. 
In regard to the consequences of post-fire wood treatment on vegetation 
recovery,statistically significant differences wereobserved between the intervened and not 
intervened areas two years.Thus, LST registered in the not intervened areas were on average 1 
°C lower and vegetation cover was 10% higher than in the intervened zones.  
Besides, LST data retrieved fromLandsat 5 TM images acquired between 2009 and 2011 
were used in analysis of relation between spatio-temporal patterns of LST and the tree cover 
in ecosystems of dehesa. Negative relation has been detected between LST values and the 
levels of tree cover linked to the seasonal dynamicsof pasture fenology.  
Based on the results it is possible to affirm that LST can be retrieved from Landsat images 
with an error closet to 1 K, which is acceptable for modeling surface processes in 
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1. Background, objectives and structure 
Land surface temperature (LST) plays a crucial role in land surface processes and is 
included in the list of high-priority parameters of the International Geosphere and Biosphere 
Program (IGBP) (Townshend et al., 1994). The link between LST and surface environmental 
variables is the surface energy balance equation. 
LST is related to the transport of heat between the land surface and the atmospheric 
boundary layer (Kustas and Anderson, 2009), and makes possible estimation of sensible heat 
flux (Jia et al., 2001) and latent heat flux, or evapotranspiration (Anderson et al., 2012). 
Energy absorption and emission by atmospheric water vapor, clouds and greenhouse gases 
affect radiative balance. The increased concentrations of some of these gases, such as CO2, 
contribute to the climate change. Continuous LST monitoring on a global scale is necessary 
for characterization of such changes in climate and explains an increased interest in 
operational LST estimation. 
LST provides information about variations of the surface equilibrium state and is vital for 
many applications (Kerr et al., 2004). Thus, LST is a key input to models in hydrology 
(Ambast et al., 2008; Liang, 2004), climate (Wild, 2005), weather forecast (Van Den Hurk et 
al, 2002) and ecology (Gamon et al., 2004) at multiple scales. LST influences all the stages of 
plant development and is an indicator of vegetation health (Moran, 2004; Zarco-Tejada et al., 
2003), due to a close relation between the canopy temperature and hydric stress which causes 
plant stomata closure. Being an indicator of vegetation water content, LST is one of the 
variables used for fire danger evaluation in forest environments (Chuvieco et al., 2004; García 
et al., 2008): areas having lower water content present greater probability of fire ignition and 
propagation. LST can also serve as a proxy of air temperature, assuming that the temperature 
of a full cover canopy approaches the temperature of the air within the canopy (Prihodko and 
Goward, 1997; Nieto et al., 2011). 
Local modeling relies heavily on field data, while at the regional and global scales remote 
sensing has become the main source for LST data retrieval. The history of temperature 
measurements from remote platforms began in the late 50s (King, 1956) and the first remote 
measurements of LST were performed by Television and Infrared Observation Satellite in 
1960s (TIROS) (Bandeen et al., 1961). However, regular acquisition and distribution of LST 
data has been established at the beginning of the 1980s (Price, 1984).  
Last decades have seen a considerable increase in the use of remote sensing for estimation 
of land surface biophysical properties (Houbourg et al., 2011; Kalma et al., 2008). Satellite-




derived LST is among the products most required for operational monitoring of land surface 
systems (Townshend and Justice, 2002).Because LST is highly variable in space and time, 
ground measurements cannot adequately characterize its temporal and spatial distribution. 
Moreover, remote sensing overcomes the limitations imposed by sparse networks of 
meteorological and ground-based monitoring stations, particularly in areas having harsh 
climates (Westermann, 2011) or difficult access (Neteler, 2010). One more advantage of 
remote sensing is the possibility of obtaining homogeneous and continuous data over big 
areas at spatial and temporal resolution suitable for various application types. It also provides 
a framework for coupled modeling approaches to energy, carbon and water exchange studies 
(French et al., 2000), and has a potential for data integration through upscaling and 
downscaling (Gamon et al., 2004). 
The current state-of-the-art of surface temperature retrieval allows quantification of the 
atmospheric and surface effects fairly well. However, the approach has achieved a routine 
performance only for the sea surface temperature (SST) estimation (McMillin, 1975). At 
present, the reported accuracy of SST retrieved from MODIS data made available by a fully 
operational schemeis about 0.26ºC. However, estimation of LST resulted more complicated. It 
is generally accepted that to be useful for studying surface systems and processes at regional 
and local scale, LST should be retrieved with accuracy of 1 K or better. It is quite a challenge 
because compared to the oceans where most of the surface is covered with water, land cover 
types present different structure, composition and dynamics posing additional challenges to 
LST estimation. 
Main difficulties for LST can be summarized in the following way: (i) surface-emitted 
radiance is altered by atmosphere before reaching TOA sensors; (ii) a direct separation of 
temperature from surface radiance is not possible because of the problem indetermination: for 
a sensor with N spectral channels, there are N measurements but N+1 unknowns (i.e. N 
spectral emissivities and the surface temperature). Therefore, the corresponding system of 
equations has no unique solution. The combined effect of atmospheric perturbations and 
varying emissivity increases the difficulty. For resolving this ill-posed problem, additional 
assumptions are necessary to constrain the extra degree-of-freedom. (iii) LST validation is 
also a challenge: while LST derived from remote sensing images is representative for the 
whole pixel, it is not true for the point temperature measurements which can vary over short 
distances (Prata et al., 1995). It is not unusual for LST to vary by more than 10 K over just a 
few centimeters of distance or by more than 1 K in less than a minute over certain cover 




types. Hence, a field validation is possible only for homogeneous areas, such as dense 
vegetation or desert, for other areas validation is performed using simulated data or accuracies 
are inferred from results of field validation over homogeneous areas, such as lakes, deserts, 
and densely vegetated (Coll et al., 2009; Hook et al., 2004).  
Over last decades techniques for measuring surface temperature from remote sensing data 
have improved in terms of method, instrumentation and computation efficiency. Satellites 
providing global data from the thermal region of the spectrum at different scales include 
MODIS (Wan et al., 2004) and Spinning Enhanced Visible and Infrared Imager (SEVIRI) 
(DaCamara, 2006). These satellites,for which LST products are available on a regular basis, 
are characterized by low spatial and high temporal resolutions. At the medium spatial scale 
Landsat has provided global brightness temperatures since 1984, with Landsat 8 launched at 
the beginning of 2013 giving continuity to the data record (Roy et al., 2014). Landsat can 
provide LST at a spatial detail much higher than MODIS, but only once in 16 days compared 
to daily image acquisition by MODIS. Thus, integration of the data from these two satellites 
would be highly beneficial given the spatial resolution of the former and the temporal 
resolution of the latter. However there are still challenges and persisting uncertainties related 
to the use of Landsat for LST estimation, especially in heterogeneous environments (Cleugh 
et al., 2007).  
In this context the research goal of this thesis is to explore the applicability of Landsat-
derived land surface temperature in the study of heterogeneous Mediterranean ecosystems 
resulting from wildfire and traditional agrosilvopastoril management (dehesa).The main 
objective was approached through the work on four specific objectives:  
(1) Compare single band algorithms for LST estimation from satellite images in 
Mediterranean ecosystems with partial tree cover (dehesa);  
(2) Analyze spatio-temporal patterns of Landsat LST in Mediterranean forests affected by 
wildfires and its relationship with burn severity;  
(3) Study the effects of different post-fire wood treatments on vegetation recovery 
(through NDVI) and LST;  
(4) Analyze spatio-temporal patterns of Landsat LST in Mediterranean tree-grass 
ecosystem (dehesa) and their relationship with vegetation fenology. 
 




The thesis contains eleven chapters. Chapter 1 presents the scientific context of research 
and its objectives. Chapter 2 reviews the basic theory andmethods used for LST estimation 
from remote sensing data. Chapter 3 describes study area, while Chapter 4 gives details on 
data and materials used in the study. Chapters 5 presents the methods applied to achieve 
research objectives. Chapters from 6 to 9 constitute the body of the research in form of the 
original versions of the published articles. Finally, Chapters 10 and 11 summarize the most 
relevant results and future research in English and Spanish, respectively. The Thesis also 
includes the sections of References for Chapters 1-5 and Appendices, which include 
information on contribution of the PhD student to the published papers and documents 











2. LST estimation from remotely-sensed data 
2.1. Basic theory 
Temperature is the measure of internal energy (kinetic heat) of the object expressed in 
units or degrees at a standard scale. This temperature also referred to as thermodynamic 
temperature can be measured with thermometers. Objects with temperature above absolute 
zero emit electromagnetic energy converted from internal kinetic heat. Blackbody, which is 
an ideal energy absorber, is also an ideal emitter (Howell et al., 2010). The relationship 
between surface temperature and the spectral radiance emitted by the blackbody is described 
by Planck’s law.  
The blackbody temperature is known as brightness temperature. Because natural objects 
are not perfect emitters and do not behave as blackbodies, it is necessary to take into account 
their emissivity (Li et al., 2013b), which is defined as the ratio between the target’s emitting 
capacity and that of a blackbody at the same temperature. Brightness temperature corrected 
for emissivity is known as radiometric temperature.  
Radiance emitted by the surface can be registered by remote sensing and is used to 
estimate LST. Earth emits radiance in thermal infrared region of the electromagnetic spectrum 
at the wavelengths between 3μm and 14 μm (Tang and Li, 2014). At an average temperature 
of about 300 K Earth’s peak of electromagnetic emittance is located in the thermal 
infrared(TIR) domain at about 9.7 μm. It is possible to use remote sensing devices to detect 
infrared energy in these regions because the atmosphere allows a portion of the infrared 
energy to be transmitted from the terrain to the detectors. To avoid water vapor (H2O), carbon 
dioxide (CO2), and ozone (O3) absorption bands satellites usually record thermal infrared data 
in the region from 10.5μm to 12.5 μm (Jensen, 2009).  
Sensors on remote platforms register solar radiation reflected and emitted by the Earth 
surface, as well as radiation scattered and emitted by the atmosphere. The proportion of 
radiation affected by each of these processes in the signal registered by the sensor depends of 
the spectral region: reflection dominates in the optical region of the spectrum with 
wavelengths in the range of 0.4 – 3.0 μm, while Earth-emitted energy dominates in the TIR 
range (3.0 – 14.0 μm). Because emitted radiation is related to the object temperature (Stefan-
Boltzman law) LST can be estimated from the remotely-sensed thermal signal using radiation 
transfer equation. 
LST estimated from remote sensors is the `surface radiometric temperature´ (Li et al., 
2013a). When a surface is homogeneous and isothermal, its radiometric temperature is equal 




to thermodynamic temperature. Otherwise, those temperatures are different, and surface 
temperature estimated from remote sensors is not equivalent to the temperature measured by a 
thermometer. Moreover, ground-based radiometric point measurements cannot provide LST 
estimates on a pixel scale. Even in high-resolution remote sensing images a pixel can include 
various surface types with different temperatures and emissivities, which presents additional 
challenge for interpretation of the retrieved LST.  
2.2. Radiative Transfer Equation 
Earlier explanation makes it clear that LST cannot be directly measured with remote 
sensors and is derived from the surface-emitted thermal radiance. The greatest difficulty of 
the process consists in estimation and correction of signal distortion due mainly to the energy 
absorption by atmospheric water vapor (Song et al., 2001) and the need to take into account 
differences in thermal emitting capacity of earth landcovers (Valor and Caselles, 1996). The 
required corrections can be realized using algorithms based on Radiative Transfer Equation 
(RTE) applied to the thermal infrared region of the electromagnetic spectrum: 
𝐿𝑠𝑒𝑛𝑠𝑜𝑟 = 𝜏𝜀𝐵(𝑇𝑠) + 𝐿𝑢 + 𝜏(1 − 𝜀)𝐿𝑑                                             (1) 
where Lsensor is at-sensor radiance, B – Planck law, Tsis the land surface temperature (LST), 
Lu and Ldare upwelling and downwelling atmospheric radiances, respectively, τ is 
atmospheric transmittance and ε is land surface transmissivity.  








                                                            (2) 
where Ts is the land surface temperature (LST) in K, c1 (1.19104 x 10
8
 W μm 4 m–2 sr–1) and 
c2 (1.43877 x 10
4
 μm K) are calibration constants, and 𝜆=11.457 μm is an effective 
wavelength for the Landsat-5 TM thermal band (Jiménez-Muñoz and Sobrino, 2003). 
2.3. Methods for LST estimation from multispectral images 
Since thermal satellite data became available researchers have tested various approaches 
for LST estimation. Recent review of existing algorithms presented in Tang and Li (2014) 
updates and complements earlier surveys (Dash et al., 2002; Li et al., 2013a; Prata et al., 




1995). Currently used algorithms can be roughly grouped in single channel, multi-channel and 
multi-angle algorithms, all requiring an a priori knowledge of surface emissivity. There are 
also methods using techniques different to those already mentioned (e.g. Becker and Li, 1990; 
Sun and Pinker, 2003). In each particular case the choice of the method depends on the 
availability and characteristics of images and ancillary data and the required quality of the 
results.   
2.3.1. Single-channel methods 
There are several methods successfully used for LST estimation from a single band. 
Among the commonly used procedures are a direct inversion of the Radiative Transfer 
Equation (RTE), mono-window method (Qin et al, 2001) and a single-channel algorithm 
(Jiménez-Muñoz and Sobrino, 2003). 
LST can be obtained through a direct inversion of RTE using Planck’s law. In this case it 
is necessary to know parameters characterizing atmospheric conditions at the moment of 
satellite overpass, which can be calculated from atmospheric profiles and radiative transfer 
codes (models). It is possible to obtain this information through the on-line web tool 
developed and implemented by Barsi et al. (2003).    
Other two methods often used for LST retrieval from the unique thermal band are ETR 
approximations which avoid dependence on actual atmospheric profiles. Mono-window 
method (Qin et al, 2001) incorporates calculation of two empirical coefficients based on the 
atmospheric water content and near-surface air temperature, while single-channel method 
(Jiménez-Muñoz and Sobrino, 2003) requires only knowledge of atmospheric water content to 
compute three atmospheric functions. Both algorithms are capable of obtaining LST with 
errors close to 1 K for clear-sky images when water vapor content in the atmosphere is in the 
range of 0.4 g/cm
2
 and 2.5 g/cm
2
.  
2.3.2. Multi-channel methods 
Multi-channel method also known as split-window algorithm uses radiances in two 
thermal bands with different atmospheric absorption to estimate the effect of atmosphere on 
the signal. The technique was first proposed by Anding and Kauth (1970);it was applied for 
estimating surface temperatureof sea/ocean (e.g., Njoku, 1985) and land (e.g., Sobrino et al., 
2006). The method is based on the fact that atmospheric attenuation of the signal is 
proportional to the difference of the radiances simultaneously measured in two thermal 
channels. Algorithm adapted for LST estimation by Sobrino et al. (1991) along with 




atmospheric attenuation due to water vapor absorption, also estimates the effect of much 
greater heterogeneity of land surface emissivity on LST. The errors reported by researchers 
who applied split-window method for LST estimation from several multi- and hyperspectral 
sensors is ~1 K (Li et al., 2013a; Sobrino et al., 2006).   
2.3.3. Multi-angle methods 
Multi-angle algorithm is based on the same principle as the split-window method, but the 
differences in absorption are due to the differences in signal path on its way to the sensor 
registered in the images taken at different angles (Chedin et al., 1982). Assuming that 
emissivity does not vary if the difference in the viewing angles is less than 60º, Prata (1993) 
has developed dual-angle method for ATSR. Sobrino et al. (1996) improved the method 
through incorporation of spectral and angular variations of land surface emissivity. However, 
besides the assumption that atmospheric profiles maintain spatial uniformity, the algorithm 
requires that the radiances registered at the two angles have significantly different paths, 
otherwise the algorithm becomes unstable (Prata, 1993). Moreover, one more condition is the 
knowledge of the anisotropy of the radiance due to the surface structure, which is very 
difficult to satisfy.   
2.4. Emissivity estimation 
LST estimation requires precise knowledge of land surface emissivity (LSE), which is an 
intrinsic characteristic of material composition. Because land surface is heterogeneous its 
emissivity range is greater than that of the oceans; it varies with landcover type, surface 
moisture, roughness, and viewing angle (Salisbury and D'Aria, 1992; Sobrino et al., 2008). 
Surface emissivity is a critical variable for separation of surface influence and that of the 
atmosphere in LST retrieval. Recent review by Li et al. (2013b) and Tang and Li (2014) 
present a detailed explanation of proposed methods for emissivity estimation grouped in 
multi-channel, physically-based and semi-empirical methods. For example, the temperature-
emissivity separation method (TES) (Gillespie et al., 1998) requires at least 4-5 infrared (IR) 
channels within 10-12 nanometers. It uses an empirical relationship to predict the minimum 
emissivity from the spectral contrast of the ratioed values and recover the emissivity 
spectrum. Another attractive solution is to use one of the physical methods based on spectral 
indices almost independent on LST, such as a method of temperature independent thermal 
infrared spectral indices (TISI) (Becker and Li, 1990). It is obvious that neither TES, nor TISI 
can be employed to estimate LST from sensors with one thermal band. 




On the contrary, semi-empirical methods based on either land-cover information (Peres 
and DaCamara, 2004; Snyder et al., 1998) or NDVI do not have this limitation. Classification-
based methods work well with high-resolution imagery when each of the pixels can be 
unambiguously assigned one of the established classes. However, the performance is 
hampered when dealing with images of medium or coarse spatial resolution because most of 
the pixels present a mixture of different landcover classes with contrasting emissivity levels 
(Snyder et al., 1998). Methods for emissivity estimation based on NDVI use direct links 
between emissivity and NDVI (Van de Griend and Owe, 1993), or exploit the relationship 
between surface emissivity, the amount and structure of vegetation, and surface roughness 
(Sobrino and Raissouni, 2000; Valor and Caselles, 1996).  The empirical expression 
suggested by Van de Griend and Owe (1993) is often used (e.g. Liu and Zhang, 2011) 
because of simplicity. On the other hand, the equation of Valor and Caselles (1996) is more 
general and supported by a theoretical model validated under differing environmental 
conditions. Valor and Caselles (1996) showed that emissivity depends on surface structure, 
the components contributing to emissivity (soil and vegetation), and the viewing geometry. 
They also demonstrated that there is no universal relationship between emissivity and NDVI, 
and hence the same equation cannot be applied to areas having dissimilar characteristics. 
Validation experiments conducted in Mediterranean areas have confirmed the applicability of 
the model to heterogeneous, fully vegetated or bare soil areas, as well as for areas where more 
than one vegetation type or more than one soil type are present (Sobrino et al., 2008). 
2.5. Atmospheric correction of optical bands 
When emissivity estimation is basedon NDVI, it becomes necessary to perform 
atmospheric correction of optical bands involved in the index calculation, i.e. red and near-
infrared. Because the effect of the atmospheric scattering and absorption on the signal 
depends on the wavelength, methods of atmospheric corrections of the radiances in the optical 
region are different from those applied for correction of the thermal spectral region.   
Atmospheric correction methods can be relative and absolute (Thome et al., 1997). 
Relative atmospheric correction methods avoid estimation of atmospheric parameters. In this 
case reflectivity is compared with that of the reference pixels in the image. For example, 
Empirical Line Correction requires selection in the scene and spectral characterization of two 
pixels with contrasting radiances used as calibration standards, i.e. it assumes previous 
familiarity with each of the selected locations. Empirical correction compares image radiance 
values with those of the spectral standards calculating correction coefficients for each band, 




which are later applied to all the pixels in the corresponding band. When no field radiometric 
data are available the reference spectra are obtained from the spectral libraries. This method 
cannot be applied when there is no previous knowledge on spectral properties of landcover 
types present in the image.        
Dark Object Subtraction method is another method successfully applied to correct the 
effects of atmospheric attenuation (Chavez, 1996; Song, 2001). The method assumes that 
black objects do not reflect light and, therefore, radiance values they present result from 
atmospheric scattering. These radiance values are subtracted from the radiances of all the rest 
of the scene pixels. The method is relatively easy to apply and uses only image data for 
correction. 
More sophisticatedabsolute atmospheric correction methods use radiation transfer codes 
(e.g. LOWTRAN, MODTRAN, 6S) for modeling optical properties of the atmosphere under 
conditions observed at the moment of image acquisition removing the effects of atmospheric 
absorption and scattering, as well as those caused by observation geometry. 
2.6. LST validation 
The final challenge in LST retrieval is its validation. The main difficulty is to be able to 
obtain ground measurements which are synchronous with image acquisition and 
representative of at the image scale because of great temporal and spatial LST fluctuations. 
Existing approaches to LST validation include temperature-based, radiance-based and cross-
validation methods (Li et al., 2013a). In temperature-based method retrieved LST values are 
compared to those obtained by ground sensors. Measurements are taken in areas 
homogeneous at the pixel scale or representative of the landcover components (e.g. grass, 
sun-lit tree canopy, tree shadows, and bare soil).  
Although comparison between satellite LST and field LST seems to be the most obvious 
validation method, it is almost impossible to perform because of the difficulty in locating of 
the suitable areas. Thus, regional and global LST is often validated using radiance-based 
method, in which reference LST is simulated using radiative transfer modeling (Sobrino et al., 
2004). The success of this approach depends on the quality of the inputs: data on emissivity 
and atmospheric profiles. When data on atmospheric conditions are not available, LST quality 
can be assessed through cross validation, consisting in comparison of obtained LST with LST 
derived from other sensors. Since sensors have different spectral, spatial and temporal 
characteristics, and different observation geometry, these differences should be taken into 
account.




3. Study area 
Research was conducted in two types of settings in central and northeastern Spain: (1) 
tree-grass woodlands known as dehesas and (2) areas affected by wildfires (Figure 1). 
Dehesa is an integrated agroforestry ecosystem with complex vegetation structure typical 
foropen savannah. It occupies large areas on Iberian Peninsula with more than 30000 km
2
 in 
Spain (Olea et al., 2005).Dehesas developed as a result of human interaction with original 
forests thinned to create areas for agricultural, and are included in the EU Directive 92/43 
because of their high ecological and cultural value.  
 
Figure 1. Location of the study sites. 
 
Figure 2. Orthophoto of dehesa study sites: (1) blue line indicates the site used for methods 
assessment of LST estimation methods, and (2) red linesshow polygons (SIOSE) used in the 
study of LST variability.  




The work on the first specific objective dealing with comparison of methods for LST 
estimation from Landsat images was performed in a 1 km
2
 dehesa sitenear Las Majadas del 
Tietar (Lat 39°56′26″N, Long 5°46′29″W)(blue-line rectangle in Figure 2).  
The area located at 400 m above sea level is flat and includes FLUXNET tower operated 
by the Mediterranean Center for Environmental Studies (CEAM). FLUXNET is a network of 
micrometeorological observation stations established to perform continuous measurement of 
exchange fluxes in the soil–vegetation–atmosphere system (Baldocchi et al., 2001).The 
climate (Csa according to Köppen classification) is characterized by an annual average 
temperature of 16 °C. Annual precipitation of about 550 mm is unevenly distributed through  
the year and there is a four-month hot dry period from June to September (Nuñez and Sosa, 
2001).Vegetation structure typical for dehesa consists of two main vegetation strata: grass 
covering 75% of the area and holm oak trees (Quercus ilex ssp. rotundifolia) over the 25% of 
the surface (Figure 3).  
Figure 3. Views of the study sites: dehesa (left) and wildfire burn (right). 
This site is a part of much more extensive area of dehesas in the province of Cáceres, 
Spain (Figures 1). Part of this area consisting of three polygons(Figure 2)  with a total area of 
~70 km
2
 was used to develop the second specific objective dealing with the study of spatio-
temporal patterns of LST. Although tree and grass layers are present in any dehesa, their 
proportion in this study area vary from 5% to more than 90%, which is not unusual for this 
ecosystem (Moreno and Pulido, 2009).   
Spatio-temporal patterns of LST distribution were also studied in areas affected by 
wildfires (Figure 1). Wildfires are a major disturbance of Mediterranean forests (Pausas and 
Vallejo, 1999) which in Spain occupy over 1.5 million km
2
. The number of fires is steadily 
growing. Due to the global warming and changes in socio-economic conditions big forest 




fires are becoming more frequent (Pausas and Vallejo, 1999). In this context, monitoring of 
wildfire effects on landscapes and development of new indicators and metrics for assessment 
of post-fire vegetation recovery is of primary importance.   
Responding to this demand, the relationship between LST and fire severity (third specific 
objective) was studied in the hilly area of the Las Hurdes 2009 wildfire (40°19′–40°24′N, 
6°10′–6°15′W) located in the province of Cáceres, Spain, 100 km northeast of the study site 
used for the work on the first specific objective of this research (Figure 1). More than 3000 ha 
of pine forest (Pinus pinaster) were burned between 25 and 28 of July 2009. Pinus pinasteris 
one of the most common Spanish conifer (occupies more than 1.5 million ha) and is the 
species most affected by wildfires (27.96% of the burned area) (EGIF, 2008). High species 
resilience to the recurrent fires is explained by its adaptation strategy known as serotony 
(Vallejo et al., 2012). The seed production is generally related to the fire regime. Stands 
suffering recurrent, high-intensity fires show more serotinous cones and a large aerial seed 
bank compared to stands where crown fires are not frequent (Tapias et al., 2001). 
Another studied burn used for the work on the fourth specific objectiveoccurred in August 
2008 in the Zuera Mountains, NE Spain (41º56’- 4º58’N, 0º55’- 1º0’W). In some aspects (size 
– 2500 ha, generally high fire severity) it is similar to the las Hurdes fire described earlier.In 
this case wildfire destroyed forest dominated by Pinus halepensis Mill. on sandy-loam soils 
over Rendzic Phaeozem (Badía et al., 2014). The understory is rich in typical Mediterranean 
species, such as Quercus coccifera L., Juniperus oxycedrus L., Rosmarinus officinalis L. and 
Genista Scorpius (L.)DC. Forests are interspersed with patches of shrublands dominated by 
Quercus coccifera, Genista scorpius and Brachipodium retusum.Figure 3 shows typical 
vegetation cover in the study area at the moment of sampling in August of 2014. Vegetation is 
characterized by the presence of evergreen sclerophyllous shrublands (< 1.5 m tall), 
sclerophyllous pastures dominated by Brachypodium retosum (a rhizomatous perennial grass 
resprouting after fire), areas of bare soil, and Pinus halepensis saplings (<1 m tall) (~75 plants 
per hectare). Shrub species with the highest contribution to the vegetation cover are: Quercus 
coccifera (kermes oak) (~30%) –an obligate resprouter-, and Rosmarinus officinalis (~20%) 
and Genista scorpius (15-20%) –obligate seeders-, representative species constituting a 
typical garrigue plant community.   
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4. Materials and data 
4.1. Satellite images 
4.1.1. Landsat 
Beginning with the first mission in 1972 Landsat satellites have been monitoring Earth 
environment building up regularly updated global archive. Due to their spatial (30 m for 
optical and 60-120 m for thermal bands), spectral (7 or more bands including 1 or 2 thermal 
infrared) and temporal (16 days revisiting period) resolution Landsat images are the most 
widely used source of remote sensing data (Miller et al., 2013). Landsat has provided global 
brightness temperature since the launch of Thematic Mapper (TM) instrument on board of 
Landsat-4 in 1982. Landsat-5 mission equipped with TM sensor acquired data for more than 
27 years until the system failure in November 2011. The latest Landsat-8 mission put on orbit 
in February 2013 carries OLI (Optical land Imager) and TIRS (Thermal Infrared Scanner) 
instruments ensuring continuity of data collection. With the current calibration parameters and 
processing algorithms, the thermal bands of these sensors are calibrated to within 1 K (Schott 
et al., 2012). Landsat images are especially suitable for multitemporal studies and research of 
ecosystem disturbances, e.g. deforestation or wildfires. A number of indices currently used to 
assess the degree of damage and post-fire vegetation recovery, such as NBR (normalized burn 
ratio) and dNBR (differenced Normalized Burn Ratio), are tailored to the characteristics of 
Landsat bands (Key and Benson, 2006).   
The study used 22 clear sky images from the three Landsat missions: Landsat-5 TM, 
Landsat-7 ETM+ (Enhanced Thematic Mapper Plus) and Landsat-8 OLI (Optical Land 
Imager) and TIRS (Thermal Infrared Scanner). Spectral and spatial resolution of the bands 
used in analysis is presented in Table 1. Two sets of images processed by the NLAPS 
(National Land Archive Production System–USGS) were downloaded from NASA website at 
http://glovis.usgs.gov/ (Table 2). The first group (path 202/row 32) covers the area of study 
sites in dehesa and Las Hurdes burn; the second group of images (Path 199; Row 31) 
corresponds to the area of the Zuera burn. Optical (red and near infrared) and thermal data 
were used in this research. Landsat-8 has two thermal bands, but only one of them (band 10) 
was used for LST estimation, because of elevated uncertainties detected in the data from 
another band (http://landsat.usgs.gov/calibration_notices.php). 
 
 




Table 1. Specification of Landsat bands used in the study. 
Satellite and sensor Band 
Spectral range 
(micrometers) 
Spatial resolution (m) 
Landsat-5 TM 
3 (Red) 0.63 - 0.69 30 
4 (NIR) 0.76 - 0.90 30 
7 (SWIR 2) 2.064 - 2.345 30 
6 (Thermal IR) 10.40 - 12.50 120 
Landsat-7 ETM+ 
3 (Red) 0.63 - 0.69 30 
4 (NIR) 0.76 - 0.90 30 
7 (SWIR 2) 2.064 - 2.345 30 
6 (Thermal IR) 10.40 - 12.50 60 
Landsat-8 OLI 
4 (Red) 0.64 - 0.67 30 
5 (NIR) 0.85 - 0.88 30 
Landsat-8 TIRS 10 (Thermal IR) 10.60 - 11.19 100 











27-jun-09 10:50:18 123.55 63.88 202/32 
29-jul-09 10:50:49 128.98 59.94 202/32 
30-ago-09 10:51:18 141.13 52.63 202/32 
15-sep-09 10:51:32 147.28 47.91 202/32 
17-oct-09 10:51:53 156.52 37.36 202/32 
06-feb-10 10:52:39 151.39 29.19 202/32 
10-mar-10 10:52:43 146.85 40.13 202/32 
11-abr-10 10:52:40 141.79 52.28 202/32 
30-jun-10 10:52:19 124.31 64.00 202/32 
16-jul-10 10:52:19 126.06 62.26 202/32 
01-ago-10 10:52:10 130.34 59.61 202/32 
05-nov-10 10:51:34 159.16 31.4 202/32 
16-may-11 10:51:20 132.51 61.79 202/32 
01-jun-11 10:51:13 127.86 63.89 202/32 
04-ago-11 10:50:41 130.72 58.86 202/32 
05-sep-11 10:50:24 142.93 50.94 202/32 
Landsat 7 
27-jun-08 10:32:25 126.53 63.32 199/31 
30-ago-08 10:31:51 142.44 51.44 199/31 
Landsat 8 
16-mar-14 10:43:19 150.02 42.51 199/31 
03-may-14 10:42:31 142.22 59.45 199/31 
20-jun-14 10:42:32 131.21 65.36 199/31 
23-ago-14 10:42:54 143.84 55.02 199/31 




4.1.2. MODIS LST 
When working on the first objective, data from eleven MODIS LST images at a 1-km 
pixel spatial resolution corresponding to MOD11_L2 product were used for comparison with 
LST values obtained from Landsat images by methods tested in this study (Table 3). 
MOD11_L2 is obtained from application of the split window algorithm (Wan and Dozier, 
1996) to MODIS bands 31 (10.780–11.280 μm) and 32 (11.770–12.270 μm). The images of 
the study area are acquired approximately 20 min earlier than those obtained by Landsat. To 
account for important difference in spatial resolution (1000 m versus 30 m for MODIS and 
Landsat, respectively), MODIS temperature value corresponding to a pixel centered in the 
study area was compared with the mean value of the Landsat-5 TM pixels as suggested in 
earlier studies (Li et al., 2010; Noyes et al., 2006). There are also important differences in the 
observation geometry between the two sensors with the MODIS viewing angle of the study 
area greater than 30 degrees versus Landsat images obtained at (almost) nadir. To minimize 
these effects only the images with the best quality MODIS pixel of the study area (MODIS 
product quality flag 0) were used for the comparison. According to the MOD11_L2 product 
description quality flag 0 is assigned to the cloud-free pixels with LST error less than 1 °C 
and the emissivity errors in channels 31 and 32 involved in LST estimation less than 0.01. 









30-ago-09 10:51:18 141.13 52.63 
15-sep-09 10:51:32 147.28 47.91 
17-oct-09 10:51:53 156.52 37.36 
06-feb-10 10:52:39 151.39 29.19 
11-abr-10 10:52:40 141.79 52.28 
30-jun-10 10:52:19 124.31 64.00 
01-ago-10 10:52:10 130.34 59.61 
05-nov-10 10:51:34 159.16 31.4 
01-jun-11 10:51:13 127.86 63.89 
04-ago-11 10:50:41 130.72 58.86 
05-sep-11 10:50:24 142.93 50.94 
 
 




4.2. Atmospheric parameters 
Atmospheric water vapor content necessary for atmospheric correction was obtained from 
three online sources: Aerosol Robotic Network (AERONET) database, National Center for 
Environmental Prediction (NCEP) Reanalysis (hereafter called REANALYSIS) database and 
from MODIS MOD05 product. AERONET includes more than 500 sites distributed 
worldwide (Holben et al., 1998). Values of precipitable water content (g·cm
−2
) corresponding 
to the AERONET site closest to the testing study area were obtained from the AERONET 
website. The National Center for Environmental Prediction (NCEP) and the National Center 
of Atmospheric Research Reanalysis Project (NCAR) maintain freely accessible online 
database containing meteorological data at 2.5° × 2.5° spatial and 6 h temporal resolution 
extending back to 1948 (Kistler et al., 2001) developed and regularly updated by the US 
National Center for Environmental Prediction (NCEP) and the National Center of 
Atmospheric Research Reanalysis Project (NCAR) constitute another source of precipitable 
water values (kg·m
−2
) (http://www.esrl.noaa.gov/psd/data). The study used values registered 
at noon approximately an hour later than Landsat overpasses. Finally, values of precipitable 
water corresponding to MODIS (MOD05) product at 1-km spatial were downloaded from 
MODIS online archive. The study also used data from the Hurdes-Azabal meteorological 
station situated about 10 km from the Las Hurdes study site. The station is part of the Spanish 
Agroclimatic Information System for Irrigation (SIAR) 
(http://www.magrama.gob.es/es/agua/).  
Atmospheric profiles containing information on vertical distribution of pressure, 
geopotential height, temperature and relative humidity served as inputs for radiative code 
simulation of the reference LSTs. They were generated by online Atmospheric Correction 
parameters Calculator (ACPC) tool based on the interpolation of the NCEP profiles resampled 
to 1° × 1° spatial resolution (Barsi et al., 2003). This tool was specifically designed to 
compute parameters for atmospheric correction of Landsat images. When using the tool the 
user fills in the data about the sensor and the scene to be corrected choosing whether the 
results will be interpolated for the specific location or the system will provide values for the 
closest geographic grid intersection. There is also the possibility to fill in the data on near-
surface atmospheric conditions at the moment of image acquisition. In case of this study 
meteorological inputs came from the FLUXNET tower. The results are mailed to the 
electronic address provided by the user.  




4.3. Field data 
4.3.1. Proximal sensing reflectance measurements 
Field reflectance measurements were performed using ASD spectroradiometer (ASD, 
2012) during 2009-2011 field campaigns in the frame of the BIOSPEC project (dehesa study 
site), as well as in August 2014 in Zuera study area (wildfire burn) to validate results of 
atmospheric correction of Landsat optical bands and to generate spectral signatures of 
landcover types in the areas of post-fire wood treatments. ASD registers reflectance in the 
wave range of 350–2500 nm with spectral resolution of 3-10 nm. Reflectance measurements 
were performed between 12:00 and 15:00 local time with optical fiber 1 m above the plant 
canopy pointing vertically downwards. To prevent signal saturation the instrument was 
regularly calibrated using white reference Spectralon panel. For better signal-to-noise ratio 
each spectral signature represents the mean of 20 individual spectra.NDVI resulting from 
reflectances in Landsat spectral bands simulated from the continuous spectral signatures 
(Teillet et al., 2001) were compared with available Landsat images. 
4.3.2. Land Surface temperature measurements 
In situ land surface temperature measurements were performed at the dehesa study site to 
contextualize LST values derived from Landsat images and evaluate the necessary 
adjustments due to the time difference between the Landsat and MODIS overpasses. 
Measurements were realized by the infrared sensor Campbell IR120 installed on a FLUXNET 
tower at a height of 8 m. The sensor measures grasstemperature from the received infrared 
radiation in the wavelength range of 8 to 14 μm in the field of view of 20°. The values 
registered in a continuous mode are averaged every 10 min with an accuracy of ±0.2 °C. The 
in situ LSTs coincident with the Landsat image acquisition (10:50 a.m. GMT) were only used 
to assess the significance of time mismatch between Landsat and MODIS TERRA overpasses 
because the data are available only for one of the landcover components (grass) and for less 
than 25% of the images. 
4.3.3. Emissivity measurements 
Errors in emissivity estimation hinder the quality of LST assessment. Soil and vegetation 
are two main landcover components in the studied heterogeneous systems of dehesa and 
wildfire burns. Vegetation emissivity is quite stable and presents variation around 0.99, while 
variation of soil emissivity is higher, and emissivity of one soil type can be quite different 
from the emissivity of the other (Sobrino et al., 2008). Thus, the emissivity of bare soil was 




measured in situ using box method (Rubio et al., 1997). The box built from material with 
lambertian surface reflectance is used to isolate the sampled surface (soil) from the 
surrounding environmental radiance (atmospheric descendent radiance and radiance from the 
adjacent materials) (Figure 4). The method is capable of estimating emissivity with an error of 
0.003. Soil emissivity value of 0.984 which resulted from field measurements is similar to the 
values reported by previous research (Sobrino et al., 2008) and was used to adjust applied 
land surface emissivity estimation algorithm to local conditions. 
 
Figure 4. Box used for emissivity measurement using box method. 
4.4. Cartography of dehesa 
Initial information on the extension and vegetation structure of dehesa ecosystem was 
obtained from the SIOSE (National Information System of Land Cover and Land Use of 
Spain) (http://www.siose.es). Data generated in the frame of the Spanish National Plan for 
Territory Observation (PNOT) at scale 1:25.000 were downloaded from the SIOSE website 
and contain georeferenced polygonsof established land cover types in UTM projection (datum 
ETRS 1989, zone 30N). Among SIOSE land cover types is dehesa coverage 701 with the 
code DHS. Its attributes include information on the percentage of the area covered by 
canopies of deciduous (FDC) and evergreen (FDP) tree species, shrubs (MTR) and pastures 
(PST). Three polygons with the tree canopies covering between 30% and 50% of the area 
were selected for further analysis (Figure 2).    
Vegetation coverage within these polygons was classified into “tree canopy” and 
“pasture” based on digital orthophotography generated in June 2012 in the frame of the 




Spanish National Plan for Territory Observation (PNOT). High resolution photomosaic (25 
cm pixel) corresponding to the sheet number 0624 of the Spanish National Topographic Map 
1: 50000 (MTN50, datum ETRS89, UTM projection zone 30N) was downloaded from the 
server of Spanish National Geographic 
Institute(http://centrodedescargas.cnig.es/CentroDescargas). Data preprocessing included 
conversion of the downloaded image from RGB into gray scale format. Next, the images were 
classified in two categories: (1) woody vegetation consisting of trees and shrubs, and (2) 
pasture. New classified image contains pixels with two values: 1 for “tree cover” and 0 for 
“pasture”. Zonal statistics were applied to calculate n, the number of “tree cover” pixels (0.25 
m pixel size) in each Landsat pixel (30m pixel size). Finally, percentage of tree cover in 
Landsat pixels was calculated using expression n*100/N, where N=14400 is the number of 
orthophoto pixels in a pixel of a satellite image.     
4.5. Landscape characteristics of the studied burns 
Digital elevation model from the National Center for Geographic Information (Spain) 
(http://centrodedescargas.cnig.es/CentroDescargas/) was used to generate grids of surface 
slope and orientation (aspect) at 25 m spatial resolution. Aspect calculated as the maximum 
rate of change in the z-value (elevation) from each cell in a raster surface is usually measured 
in in degrees east of north, which complicates the use of this variable in LST and vegetation 
modeling: north-facing slopes can have aspect values as different as 1 and 360 was. The 
solution consisted in application of Beers transformation (Beers et al., 1966): 
Transformed aspect = cos(45−Aspect) + 1                                (3) 
This transformation rescales aspect values between zero and two, with zero corresponding 
to the northeast and two to the southwest direction.  
 The amount of incident sun energy was considered incorporating in the models 
“illumination” variable as the proxy. Illumination was calculated using expression suggested 
by Burrough and McDonnell (1998):  
Illumination= cos a*cos b + (sin a*sin b*cos(c-d))(4) 
where a, b, c, and d are angles (in radians): a – solar zenith; b – slope; c – solar azimuth and d 
– aspect. For Landsat image used for vegetation regeneration and LST estimation in this 
study, solar zenith (a) and azimuth (c) angles were obtained from the header file and 
transformed from sexagesimal degrees into radians. 




Pre-fire forest composition in the Las Hurdes burn was obtained from the parcels database 
of the Third National Forest Inventory, Spain 
(http://www.magrama.gob.es/es/biodiversidad/servicios/banco-datos-naturaleza/informacion-
disponible/ifn3.aspx). Information on tree cover fraction, dominant and up to two less 
important tree species is available for 24 inventory points within Las Hurdes study area.  





5.1. Pre-processing ofremotely sensed images 
Preprocessing of Landsat images consisted in (i) filling of the gaps existing in parts of 
Landsat-7 images due to the malfunctioning of the scan-line corrector (Storey et al., 2005); 
(ii) conversion of original digital numbers (DN) into the top-of-the atmosphere radiance; and 
(iii) atmospheric correction of optical bands. 
Gap-filling of Landsat-7 images was performed using localized linear histogram match 
method (Scaramuzza et al., 2004). Since data loss does not affect the same area on contiguous 
in time Landsat passes, other images of similar phenology can be used for correction. In order 
to fill the gap the method attempts to find a linear transformation between one image and 
another calculating corrective gain and bias, which are applied to the pixels in the auxiliary 
image. Calculated values are used to fill the pixels affected by data loss. The quality of 
correction mainly depends on the similarity of atmospheric conditions and phenology in the 
images used for gap-filling and the scenes affected by data gaps (Rulloni et al., 2012; Zhang 
et al., 2007).  
Coefficients from image metadata were applied to convert original digital numbers (DN) 
into the top-of-the-atmosphere radiance using procedures recommended by NASA for 
Landsat-5/7 (http://landsat.usgs.gov/how_is_radiance_calculated.php) and Landsat-8 
(http://landsat.usgs.gov/Landsat8_Using_Product.php). 
Atmospheric correction of optical bands was performed using FLAASH (Cooley et al., 
2002) and LEDAPS(Masek et al., 2006) algorithms based on radiative transfer codes 
MODTRAN 4 and 6S, respectively.  
FLAASH is an acronym for Fast Line-of-sight Atmospheric Analysis of Spectral 
Hypercubes implemented as a part of the geospatial image-processing software package 
ENVI (http://www.exelisvis.com). The method gives the user a possibility to choose one of 
the MODTRAN standard atmospheres and types of aerosol environments to characterize the 
scene calculating unique solution for each image. It can be used for correcting multi- and 
hyperspectral images, acquired in conditions of vertical or oblique observation geometry. 
Using FLAASH is time-consuming because of the need to manually fill in the required inputs 
in the software interface.  
LEDAPS (Landsat Ecosystem Disturbance Adaptive Processing System) overcomes this 
limitation. It is a stand-alone tool created by NASA Goddard Space Flight Center (GSFC) to 
deal with Landsat images (Masek et al., 2006). The algorithm is based on the assumptions that 




the surface is Lambertian and the effects of signal absorption are separable from the effects of 
scattering. Transmissivty, reflectivity and albedo are calculated running 6S radiative transfer 
code. DDV (Dark Dense Vegetation) correction method (Kaufman and Sendra, 1988) is used 
to retrieve aerosol optical density from the image. Interpolated values of optical thickness, 
atmospheric pressure and water vapor are input into 6S for calculation of pixel-by-pixel 
corrections. Parameters required for atmospheric correction from the National Centers for 
Environmental Prediction (NCEP) reanalysis database (atmospheric water vapor) and Earth 
Probe Total Ozone Mapping Spectrometer (EP TOMS) (ozone) are resampled to the common 
spatial resolution of 1.2 km by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, on-
line (http://www.esrl.noaa.gov/psd/data/).One of the advantages of the system is that it does 
not require previous data transformation or scaling by the user or any other input besides 
original Landsat data. 
5.2. LST estimation from Landsat images 
Four algorithms were used to estimate LST from Landsat images: RTE inversion, single-
channel method, mono-window method and simulation using radiative transfer code 
MODTRAN-5.  
5.2.1. Radiative Transfer Equation (RTE) 
When parameters for atmospheric corrections are available and the surface emissivity is 
known, it is possible to estimate LST from remote sensing images through direct inversion of 
RTE and Planck’s law. One of the tested procedures obtained atmospheric correction 
parameters from the Atmospheric Correction Parameter Calculator (ACPC). This on-line tool 
based on MODTRAN 4 radiative transfer code was developed specifically for correction of 
Landsat thermal imagery (Barsi et al., 2003). It calculates site-specific atmospheric 
transmission, upwelling, and downwelling atmospheric radiances for LST estimation through 
RTE inversion using information on geographical coordinates, site elevation, date and time of 
the image acquisition provided by the user. User can also specify one of the two available 
choices of the standard atmospheres, midlatitude summer or midlatitude winter. The tool does 
not require the user to input meteorological data corresponding to the image acquisition time; 
it uses atmospheric profiles from NCEP databases to interpolate the profile for the specified 
place, date, and time. No batch processing is possible; user has to fill in data corresponding to 
one Landsat imageat a time; the results are forwarded to the user’s e-mail address. Generated 
atmospheric correction parameters (atmospheric profiles, transmissivity, upwelling and 




downwelling atmospheric radiance) allow LST estimation within ±2 °C for clear-sky 
midlatitude conditions (Barsi et al., 2005). 
5.2.2. Mono-Window (MW) Method 
MW algorithm is an approximation of RTE and does not require precise data on 
atmospheric profiles. LST is calculated through decomposition of Planck’s radiance function 
using a Taylor’s expansion and estimation of empirical coefficients a and b(Qin et al., 2001). 
Three a priori known parameters are required for atmospheric correction: transmissivity 
(τ)/water vapor content, effective mean atmospheric temperature (Ta) and surface emissivity 
(ɛ). The following equation is used to calculate Ts (in K):  
Ts={a(1−C−D)+[b(1−C−D)+C+D]×Tsensor−DTa}/C          (5)  
where a = −67.355351 and b = 0.458606 are constants, and Tsensor is the at-sensor brightness 
temperature. C and D are calculated as:  
C=ɛτ   (6)                  and                D=(1−τ)[1+(1−ɛ)τ]                 (7)                    
Effective mean atmospheric temperature Ta is estimated from the relationship between Ta 
and the vertical water vapor distribution in the atmosphere: it had been demonstrated that, the 
distribution of the ratio of water vapor content at a particular altitude to the total is very 
similar for all atmospheric profiles although water vapor content differs significantly 
depending on the atmospheric conditions.Hence, Tacan be estimated from the total water 
vapor content and the near surface local air temperature (T0), according to the atmospheric 
conditions:  
Ta=19.2704+0.91118 T0(mid-latitude winter)                                 (8a) 
Ta=19.2704+0.91118 T0(mid-latitude summer)                              (8b) 
Ta=17.9769+0.91715 T0(tropical atmosphere)                                (8c) 
Expressions for estimation of atmospheric transmissivity τ were obtained from simulations 
using LOWTRAN 7 for high (35 °C) and low (18 °C) air temperature profiles and two ranges 
of atmospheric water vapor content w:  
High temperature         τ=0.974290−0.08007w(0.4 g⋅cm−2<w<1.6 g⋅cm−2)           (9a) 
τ=1.031412−0.11536w(1.6 g⋅cm−2<w<3.0 g⋅cm−2)           (9b) 
Low temperature          τ=0.982007−0.09611w(0.4 g⋅cm−2<w<1.6 g⋅cm−2)           (9c) 
τ=1.053710−0.14142w(1.6 g⋅cm−2<w<3.0 g⋅cm−2)          (9d) 




MW method produces optimum results (error ~1 K) when atmospheric water vapor 
content varies between 0.5 and 2.5 g·cm
−2
(Qin et al., 2001; Sobrino et al., 2004). 
5.2.3. Single-Channel (SC) Method 
Another RTE approximation, SC method (Jiménez-Muñoz and Sobrino, 2003)needs only 
one atmospheric parameter for atmospheric correction (atmospheric water vapor content). The 
following expression is used to calculate LST: 
Ts=γ[ɛ-1(ψ1Lsensor+ψ2)+ψ3]+δ(10) 
whereɛ is surface emissivity, γ and δ are parameters directly depending on Planck function. 
ψ1, ψ2 and ψ3 are atmospheric correction functions expressed as second degree polynomial 
equations (Eq. 11) with coefficients (cij) obtained by simulation. These coefficients for 













]                                                  (11)    
where w is total atmospheric water vapor content in g·cm
−2
. 
Table 4. Coefficients for SC atmospheric functions following matrix notation in Eq. 11 
obtained for band 6 of Landsat 5 (L5B6), band 6 of Landsat 7 (L7B6) and band 10 of Landsat 
8 (L8B10). 
Sensor Cij i=1 i=2 i=3 
L5B6 
j=1 0.14714 -0.15583 1.1234 
j=2 -1.1836 -0.37607 -0.52894 
j=3 -0.04554 1.8719 -0.39071 
L7B6 
j=1 0.07593 -0.07132 1.08565 
j=2 -0.61438 -0.70916 -0.19379 
j=3 -0.02892 1.46051 -0.43199 
L8B10 
j=1 0.04019 0.02916 1.01523 
j=2 -0.38333 -1.50294 0.20324 
j=3 0.00918 1.36072 -0.27514 
SC algorithm demonstrates optimal performance for the atmospheres with water vapor 
content in the range of 0.5–2.5 g·cm−2. 
5.2.4. Simulation of Land Surface Temperature (LST) 
When comparing the performance of different LST estimation algorithms, LSTs simulated 
by the latest version of the radiative transfer code MODTRAN 5 were used as a reference set. 




It is generally accepted (Li et al., 2013a) that LST simulated using radiative transfer code can 
be an alternative for validation when field measurements at a required spatial scale are not 
available. Previous studies applied the procedure for validation of Landsat (Sobrino et al., 
2004) and MODIS (Wan and Li, 2008) LST. MODTRAN 5 performs calculations based on 
the information about observation geometry and atmospheric profiles at the moment of 
observation. The best results are achieved when data come from in situ radiosoundings 
synchronized in time with image acquisition. Unfortunately, data from in situ radiosoundings 
synchronized in time with image acquisition were not available in this study. Instead, NCEP 
atmospheric profiles interpolated for the exact location and time of Landsat overpass were 
used in this research. This source has been successfully used for validation earlier(Coll et al., 
2012; Jiménez-Muñoz et al., 2010). On-site meteorological data for the lowest atmospheric 
layer complemented the NCEP atmospheric profiles interpolated for the study area and 
conditions by ACPC tool. The profiles were incorporated into MODTRAN input file.  
MODTRAN was run twice to obtain parameters for LST simulation. The first 
MODTRAN run is performed with 0% surface albedo. Atmospheric transmissivity (τ) and 
upwelling radiance (Lu) are extracted from the MODTRAN output files and integrated over 
the Landsat-5 TM thermal band using the sensor filter function. Then MODTRAN 5 is run for 
the second time with 100% surface albedo to calculate downwelling radiance (Ld). Next, the 
obtained atmospheric correction parameters τ, Lu and Ld together with previously estimated 
emissivity ɛ are substituted into RTE (Eq. 1) to calculate the radiance from the target (LTs). 
The final step consists in transformation of the calculated target radiance into LST (LSTref) 
by inversion of the Planck’s law. 
5.3. Emissivity estimation 
Methods for emissivity estimation from remotely sensed data requiring two or more 
bands, e.g. TES (Gillespie et al., 1998) or TISI (Becker and Li, 1990) cannot be used with 
Landsat images because there is only one thermal band. In this situation it is possible to use 
one of the methods which take advantage of the relationship existing between emissivity and 
the normalized difference vegetation index (NDVI) (Li et al., 2013b). The NDVI thresholds 
method NDVI
THM
(Sobrino and Raissouni, 2000) based on the findings of Valor and Caselles 
(1996) was applied to estimate surface emissivity in this study. Pixel-based emissivity is 
assigned based on the NDVI range. All the pixels, except those categorized as mixed pixels, 
are assigned fixed emissivities according to the NDVI range (Table 5). 




Table 5. Emissivity values assigned to ranges of the normalized difference vegetation 
index (NDVI). 
NDVI Emissivity (  ) 
NDVI < 0 0.985 
0 <= NDVI <=  0.1 f(red reflectivity) 
0.1 <= NDVI <=  0.7 0.990 VP  + 0.984(1- VP )+0.004* VP (1- VP ) 
NDVI > 0.7 0.990 
 
In case of the mixed pixels category (vegetation and soil), the NDVI values (thresholds) 
selection is based on the analysis of the images histograms and the emissivty values are scaled 
between the ɛs and ɛv values using the expression in Table 5. In landcovers consisting mainly 
of different vegetation components, like in this study, soil emissivities show the greatest 
variation in the thermal region of the spectrum. This is why the soil emissivity was adjusted to 
local conditions; ɛs value of 0.984 is based on in situ field measurements. The vegetation 
emissivity ɛvis assigned the value of 0.990; dɛ = 0.01 is the term accounting for surface 
roughness different from zero for heterogeneous covers (Sobrino et al., 2004). Vegetation 
fraction PVis estimated from pixel NDVI according to Choudhury et al. (1994) and Gutman 
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According to Sobrino et al. (2008) the method estimates emissivity of vegetation-soil 
pixels with an error less than 0.01, which would allow LST estimation with the error below 
0.5 °C.  
5.4. Vegetation abundance (NDVI) estimation 
Vegetation abundance was assessed through NDVI calculated for each available image. 
The NDVI exploits the difference between the maximum reflection of radiation in the near-
infrared spectral bands (0.78–0.90 μm) and the maximum absorption of radiation in the red 
spectral band (0.63–0.69 μm) characteristic to vegetation. The effect of shadows is reduced by 
normalization of the difference of the reflectances by their sum, resulting in 
NDVI=(NIR−VIS)/(NIR + VIS).NDVIvary from -1.0 to +1.0. Because of high positive 
correlation with vegetation status and density, NDVI is widely used for vegetation 
monitoring. It is often used as a proxy for biomass although the relationship between them is 
often non-linear (Myneni et al., 1997), and NDVI shows saturation before biomass reaches its 
maximum levels. In spite of the limitations, NDVI is commonly used in assessing vegetation 




recovery after fire (among others Díaz-Delgado et al., 2003; Riaño et al., 2002) and as an 
indicator of burn severity (Veraverbeke et al., 2012). 
5.5. Burn Severity Estimation 
There are several spectral indices developed for evaluation of burn severity, some of them 
designed for Landsat were used to study Las Hurdes and Zuera burns. These indices are 
Normalized Burn Difference (NBR) and Delta Normalized Burn Difference (dNBR). Close 
relationship of these indices with burn severity in Mediterranean conifer forest was 
demonstrated in previous research (DeSantis and Chuvieco, 2007). The indices were 
calculated following the methodology suggested by Key and Benson (2006): (1) pre- and 
post-fire images were transformed to reflectance and atmospherically corrected; (2) an NBR 
image was generated for both dates using the formula (NIR – SWIR2)/(NIR + SWIR2); (3) 
dNBR was calculated as NBRpre-fire − NBRpost-fire. 
dNBR values were grouped into discrete classes of burn severity (e.g., low, moderate and 
high) using original thresholds (Key and Benson, 2006), since there applicability for similar 
ecosystems was confirmed in previous research (Kokaly et al., 2007). Burn severity 
categories were created using thedNBR values as follows: unburned (UB) (from −100 to 99), 
low severity (LS) (from 100 to 269), moderate-low severity (MLS) (from 270 to 439), 
moderate-high severity (MHS) (from 440 to 659) and high severity (HS) (from 660 to 1300). 
5.6. Statistical procedures 
5.6.1. Measures of difference 
Comparison of values obtained by different methods of LST estimation (first research 
objective) with reference values was performed using bias, standard deviation and root mean-
square deviation.   
Bias (B), also referred to as mean error, is calculated as the average of deviations, i.e. the 
differences between LST calculated by the tested method (LST
calc
) and reference LST (LST
ref





∑ (𝐿𝑆𝑇𝑐𝑎𝑙𝑐 − 𝐿𝑆𝑇𝑟𝑒𝑓)
𝑁
1                                      (13) 
 
Smaller absolute bias values indicate better agreement between measured and calculated 
values. Positive values indicate positively biased computed values (overestimate) while 
negative values indicate negatively biased computed values (underestimate). 




Standard deviation is often used to measure data dispersion; it is the average difference 
between each value in dataset and the mean. For a sample standard deviation is expressed by 







where xi is a value for each number within the dataset; μ is the the average for the values in 
the dataset; n is the number of values in the dataset; and σ is a standard deviation.  
The standard deviation of a normal distribution enables calculation confidence intervals. 
In a normal distribution, about 68% of the values are within one standard deviation either side 
of the mean and about 95% of the scores are within two standard deviations of the mean. 
The root mean square deviation (RMSD) is a commonly used measure of deviation of a 
random variable from some standard or accepted value, although sometimes the RMSD is 
used to compare differences between two datasets, neither of which is accepted as the 







𝑖=1                                               (15) 
 
where δ is the distance between N pairs of data values.    
 
5.6.2. Correlation indices 
Pearson product-moment correlation statistic also known as linear correlation coefficient 
is one of the measures used to assess strength and direction of linear relationship between two 
variables. Coefficient values vary between -1 and +1; the closer to the zero, the weaker is the 
measured relation. To compare two sets of values (x and y) each containing n values, Pearson 













When analyzing spatial data (events) it is also necessary to take in account spatial 
autocorrelation. Autocorrelation and spatial auto correlation are correlation coefficients. 
However, instead of assessing relation between two variables, the correlation is between two 




values of the same variable at different moments in time (autocorrelation)(Box et al., 2011) or 
space (spatial autocorrelation) (Anselin, 1988). Spatial autocorrelation is common for spatial 
data; according to the First Law of Geography formulated by Tobler (1970) “everything is 
related to everything else, but near things are more related than distant things”.  High spatial 
autocorrelation violates the assumption of data independence required in statistical analysis 
and can affect its results.  Similarity of spatially distributed events as a function of distance 
can be quantified using Moran’s I coefficient (Moran, 1950). Moran’s I is calculated similar 
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where zi is the deviation of an attribute for feature i from its mean (xi– X), wij is the spatial 
weight between feature i and j, n is the total number of features, and S0 is the sum of spatial 
weights for all the features: 
 




𝑖=1                                          (18) 
 
Moran’s I index values vary between -1 (close events are not similar) and +1 (close events 
are similar, clustered distribution). When index is equal to 0, properties of spatially distributed 
events show random distribution.  
 
5.6.3. Analysis of variance (ANOVA) 
One-way analysis of variance (ANOVA) was applied to verify if there are statistically 
significant differences between the analyzed datasets. The designation of one-way is used 
because the datasets are observations of the single variable at two or more levels. Inferences 
about between-means differences are made by analyzing variance, a statistic that measures the 
variability about the mean. The null hypothesis tested by ANOVA states that the means are 
equal and the groups are subsets of the same population. Its rejection leads to the conclusion 
that the means of at least two groups are different. To know which groups are different 
ANOVA is followed by one of the post hoc test.  
ANOVA requires continuous numerical data and provides reliable results when data 
satisfy following assumptions:  
1. The populations have the same variance, i.ehomogeneity of variance is assumed. 




2.The populations are normally distributed. 
3. Valuesare sampled independently from each other. 
ANOVA partitions the total variance in two components: between-group variability and 
within-group variability. The test statistic for ANOVA (F) is a ratio of these quantities:  
                           F= between-group variability/within-group variability 
When the null hypothesis is true, this statistic has an F distribution with k-1 degrees of 
freedom (k - the number of groups) and N-k degrees of freedom (N – total number of 
observations) associated with the numerator and denominator, respectively. Thus, if the 
calculated F value is greater than the critical value of the F distribution with k-1 and N-k 
degrees of freedom and a significance level of α, the conclusion is that statistically significant 
difference exists between at least two of the tested groups at (1-α) probability. Commonly 
acceptable significance level is p=0.05. To evaluate the differences between the pairs of 
means, ANOVA was followed by or post-hoc tests:Bonferroni when assumption of equal 
variances was satisfied, or Tamhane T2 when comparing samples with unequal variances. 
ANOVA results include the coefficient of determination R
2
, which indicates the proportion of 
variance explained by the independent variable.  
Contribution of multiple variables to levels of LST and NDVI in areas affected by wildfire 
burns (research objective 2) was evaluated by factorial ANOVA. It allows exploring the 
relationship between one dependent and several independent variables, which can be 
continuous or categorical. Besides the effect of each of the dependent variables, the procedure 
calculates the effect of their interactions. In this study model design included one dependent 
variable (LST or NDVI), a fixed factor (treatment) and various continuous independent 
variables (e.g. elevation and slope). The results quantified the contribution of each of the 
independent variables and their significance.  
To obtain valid results data should satisfy common ANOVA requirements: be normally 


















6. Comparison of methods for LST estimation from Landsat data 
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7. Analysis of the relationship between land surface temperature 
and wildfire severity in a series of Landsat images 
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8. Effects of post-fire wood management strategies on vegetation 
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9. Application of Landsat LST in tree-grass woodlands (dehesas) 
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RESUMEN: Las dehesas son sistemas agro-forestales en los que se producen complejos mecanismos 
de intercambio de carbono y agua debido a la presencia de estratos de vegetación con comportamiento 
eco-fisiológico contrastado: arbolado/herbáceo. Una de las variables clave en la parametrización del 
balance energético en estos ecosistemas es la temperatura de superficie (Ts). Este trabajo analiza su 
variación espacio-temporal en función de la cobertura arbórea en una dehesa al norte de Cáceres. La 
Ts se obtiene a partir de una serie de 14 imágenes Landsat-5 TM (2009-2011) que se agrupan en 3 
compuestos estacionales (primavera, verano y otoño). La cobertura arbórea se estima a partir de 
ortofotografía e información del SIOSE. La distribución espacial de la Ts se relaciona con los niveles 
de cobertura en los compuestos de otoño y, especialmente, en verano momento en el que las 
diferencias medias entre las categorías extremas de arbolado (<10% y >60%) alcanzan los 2,5ºC. 
Palabras-clave: temperatura de superficie, cobertura arbórea, LANDSAT, dehesa. 
1. Introducción 
El término dehesa refiere a un tipo de monte arbolado de uso agrosilvopastoril (San Miguel, 
1994) resultado de un largo proceso de transformación (Blanco et al., 1997; Díaz et al., 1997). 
Principalmente se localiza en la parte suroccidental de la Península Ibérica, extendiéndose en 
España sobre una superficie de más de 3,5 millones de hectáreas (Olea et al., 2005). Su alto 
valor ecológico, socio-cultural y económico (Pulido et al., 2001; Montero et al., 1998) hace 
que estos hábitats estén incluidos en la Directiva 92/43 de la Unión Europea para su 
preservación. En este sentido,algunos estudios expresan dudas respecto a su sostenibilidad 
(Pulido et al., 2001 y Díaz et al., 1997) debido a los problemas derivados del sobrepastoreo, 
la intensificación del laboreo agrícola o la escasez de regeneración del arbolado (Moreno y 
Pulido, 2009). En relación con este último extremo, el predominio de los árboles de edad 
intermedia/avanzada y la ausencia de plantas jóvenes constituye uno de los problemas más 
importantes (Montero et al., 1998; Plieninger et al., 2004, entre otros). Según datos del Tercer 
Inventario Forestal Nacional (IFN3) en la provincia de Cáceres, la regeneración se considera 
insuficiente o nula en 2/3 de la superficie evaluada a nivel nacional (Pulido y Picardo, 2010).  




La dehesa se caracteriza por su estructura en dos estratos: arbolado/matorral disperso y 
pastizal o cultivo. La fracción de cabida cubierta más habitual oscila entre el 5% y el 60% con 
una densidad promedio de 40-90 pies por hectárea que puede ser más baja (10) o más alta 
(200) dependiendo del tipo de dehesa (Huntsinger et al., 2013; Pulido et al., 2010; Carreiras 
et al., 2006). Las especies comúnmente encontradas en el estrato leñoso son Quercus ilex L. 
subsp. ballota, Quercus suber, Quercus faginea Lam.y diferentes arbustos perennifolios. El 
pastizal presenta un reducido potencial productivo que depende de la pluviometría. Entre los 
taxones más representativos de la fracción herbácea encontramos especies de gramíneas como 
Aira caryophyllea L., Airopsis tenella (Cav.) Asch. & Graebn.,Psilurus incurvus (Gouan) 
Schinz & Tell y Bromus sp., algunos especies de Trifolium entre leguminosas, y Echium 
plantagineum L., Spergula arvensis L., Rumexacetosella L., Erygium campestre L. o Erodium 
cicutarium L. de otras familias (Devesa, 1995; Olea et al., 2005).  
En las dehesas los mecanismos de intercambio de carbono y agua son complejos debido a la 
presencia de estratos de vegetación diferenciados desde el punto de vista eco-fisiológico. En 
gran medida los ciclos de carbono y agua son controlados por los flujos de energía que son 
distintos en las copas de árboles y pastizal (Baldocchi et al., 2004). De esta manera, los 
estudios de balance de energía son necesarios para validación de los modelos de dehesa que 
buscan predecir estados de equilibrio entre vegetación y la humedad de suelo (Eagleson, 
1982) y el efecto que puede ejercer en estos ecosistemas el cambio climático (Rodriguez-
Iturbe et al., 1999; Volder et al., 2013; Zeng y Neelin, 2000).  
La temperatura de superficie (Ts) constituye una de las claves en la modelización de los 
intercambios de energía, agua y carbono que se producen entre la vegetación, el suelo y la 
atmósfera, debido a su influencia sobre la tasa metabólica de las plantas y la descomposición 
de la materia orgánica del suelo, dos aspectos muy importantes en relación con la 
transferencia neta de carbono a la atmósfera (Miquelajauregui, 2013). A su vez, la presencia 
y, más específicamente, el tipo de vegetación juegan un rol importante en el control de la Ts, 
debido a las diferencias en emisividad entre los componentes bióticos y abióticos que 
conforman la dehesa (Quattrochi y Luvall, 2000). 
Tanto la temperatura de la superficie (Ts) como la abundancia de la vegetación pueden ser 
analizadas a partir de la información proporcionada por sensores remotos, entre los cuales se 
destacan los datos de las misiones Landsat. Las imágenes Landsat-5 TM (Thematic Mapper) 
han sido utilizadas profusamente en el estudio de la distribución espacio-temporal de 




vegetación a través de los diferentes índices espectrales a partir de la información captada en 
la región óptica del espectro electromagnético. El más ampliamente usado es el índice de 
vegetación de diferencia normalizada NDVI, que se relaciona con diferentes propiedades 
biofísicas de la vegetación (clorofila, cubrimiento, LAI, fAPAR, etc.) (Daughtry et al., 2000; 
Hwang et al., 2011; Turner et al., 1999). Las imágenes Landsat también poseen una banda en 
el infrarrojo térmico que posibilita la espacialización de la Ts (Vlassova et al., 2014; Weng et 
al., 2004). 
El objetivo de este trabajo consiste en analizar la variabilidad espacio-temporal de la Ts, 
estimada a partir de las imágenes Landsat, en función de la densidad de arbolado en una zona 
de dehesa situada al norte de la provincia de Cáceres. La utilización conjunta de índices de 
vegetación procedentes de información multiespectral, de cartografía de la Ts y de 
información sobre las proporciones que ocupan diferentes estratos ofrece la posibilidad de 
crear modelos de la dehesa más precisos. Los resultados de estos modelos pueden ser 
integrados en el diseño de planes que aseguren la sostenibilidad y el mantenimiento de las 
funciones productivas y ecológicas (protección frente a la erosión, mantenimiento de la 
biodiversidad y regulación de los flujos de carbono y agua) de la dehesa (Moreno y Pulido, 
2009).  
2. Material y métodos 
2.1. Área de estudio 
La zona de estudio de 70 km
2
 se localiza en un ecosistema de dehesa en el noreste de la 
provincia de Cáceres (Figura 1), muy cerca del área de estudio del proyecto de investigación 
FLUXPEC (CGL2012-34383): “Seguimiento de flujos de agua y carbono mediante 
teledetección en ecosistemas mediterráneos de dehesa” 
(http://www.lineas.cchs.csic.es/fluxpec/) que incluye una torre de medición de flujos de agua 
y carbono por el sistema Eddy Covariance (Lat. 39,9415º N, Lon. 5,7734º W) gestionada por 
el CEAM (Centro de Estudios Ambientales del Mediterráneo) desde el año 2003. El área se 
caracteriza por un clima típico mediterráneo con veranos secos y calurosos e inviernos 
húmedos y templados. La temperatura y precipitación media anual son 16,7º C y 572 mm, 
respectivamente. La altitud media sobre el nivel del mar es de 256 m. Las especies 
perennifolias de Quercus ilex L. subsp. Ballota y Quercus suber predominan en el estrato 
arbóreo y las de Trifolium glomeratum L., Echium plantagineum L., y Spergula arvensis son 
los más comunes en el pastizal. 






Figura 1. Ubicación y ortofotografía del área de estudio (límites en rojo). Las líneas de color 
gris claro delimitan el ecosistema de dehesa (Sistema de Información de Ocupación del Suelo 
en España, SIOSE).  
2.2. Imágenes de satélite 
El estudio se basa en una serie multitemporal de 14 imágenes Landsat-5 TM adquiridas sobre 
el área de estudio entre junio de 2009 y septiembre de 2011 (Tabla 1). Las imágenes 
georreferenciadas se descargaron del servidor del Servicio Geológico de los Estados Unidos o 
USGS por sus siglas en inglés (https://lpdaac.usgs.gov/get_data). En el trabajo se utilizaron 
las bandas ópticas en las regiones espectrales de rojo (0,63-0,69 µm) e infrarrojo cercano 
(0,76-0,90 µm), con una resolución espacial de 30 m, y la banda térmica (10,4-12,5 µm), con 
una resolución de 120 m.  
Para la corrección atmosférica de las reflectividades se ha utilizado la herramienta LEDAPS 
(Landsat Ecosystem Disturbance Adaptive Processing System), basada en el código de 
transferencia radiativa 6S (Wolfe et al., 2004). El algoritmo emplea datos auxiliares (ozono, 
vapor de agua, grosor óptico de la atmósfera) para corregir en las imágenes las distorsiones 
causadas por la dispersión y absorción atmosférica. En el caso de los datos térmicos, los 
niveles digitales originales fueron transformados primero a valores de radiancia y luego en 
temperatura de brillousando las constantes de calibración proporcionadas en los metadatos 




(Chander et al., 2009).  
Tabla 1. Fechas y condiciones de iluminación en el momento de adquisición de las imágenes 
utilizadas. 
FECHA Hora (UTC) Azimut solar (grados) Elevación solar (grados) Estación climática 
27-jun-09 10:50:18 123,55 63,88 verano 
29-jul-09 10:50:49 128,98 59,94 verano 
30-ago-09 10:51:18 141,13 52,63 verano 
17-oct-09 10:51:53 156,52 37,36 otoño 
10-mar-10 10:52:43 146,85 40,13 primavera 
11-abr-10 10:52:40 141,79 52,28 primavera 
30-jun-10 10:52:19 124,31 64,00 verano 
16-jul-10 10:52:16 126,06 62,26 verano 
01-ago-10 10:52:10 130,34 59,61 verano 
05-nov-10 10:51:34 159,16 31,40 otoño 
16-may-11 10:51:20 132,51 61,79 primavera 
01-jun-11 10:51:13 127,86 63,89 verano 
04-ago-11 10:50:41 130,72 58,86 verano 
05-sep-11 10:50:24 142,93 50,94 otoño 
2.3. Estimación de la temperatura de superficie (Ts) e índice de vegetación 
La temperatura de superficie (Ts) ha sido estimada mediante el método de monocanal 
(Jiménez-Muñoz et al., 2010) que, aparte de la emisividad de la superficie ε requerida por 
cualquier algoritmo de Ts, sólo necesita el contenido de vapor en la atmósfera como dato 
auxiliar. La Ts se calcula usando la ecuación:  
(1) 
 
donde γ andδ son parámetros calculados a partir de la radiancia (Lsensor) y temperatura de 
brillo (Tsensor) usando las expresiones: 
(2)     (3) 




donde w es el contenido total del vapor en la atmósfera en g cm
-2
.  
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1234.115583.014714.0 21  ww
















Nacional para Análisis Atmosférico de EEUU (http://www.esrl.noaa.gov/psd/data/). El 
método es capaz de estimar la Ts con un margen de error ±1ºC cuando el contenido de vapor 
atmosférico se encuentra en el rango de 0,5 – 2,5 g cm-2 (Jiménez-Muñoz et al., 2010). 
Para el análisis temporal de la vegetación se ha utilizado el índice de vegetación de diferencia 
normalizada NDVI (Rouse et al., 1974), que se basa en la diferencia de la reflectividad entre 
las bandas de las regiones espectrales rojo (banda 3) e infrarrojo cercano (banda 4) 
característica para la vegetación. El NDVI también se aplicó para estimar la emisividad por el 
método de umbrales de NDVI de Sobrino y Raissouni (2000), que asigna los valores de 
emisividad de acuerdo a los rangos de este índice. 
2.4. Cartografía de la distribución espacial de la densidad del arbolado 
Para la identificación de la dehesa se han utilizado los datos del Sistema de Información de 
Ocupación del Suelo en España (SIOSE) incluido en el Plan Nacional de Observación del 
Territorio en España (PNOT), coordinado por el Instituto Geográfico Nacional (IGN). La 
información consiste en capas de polígonos georeferenciados en proyección UTM (huso 30N, 
datum ETRS89) con escala de referencia 1:25000 (http://www.siose.es). A partir de la 
cobertura 701 dehesa (código DHS) se ha extraído la información referente al porcentaje de 
cubrimiento de frondosas caducifolias (FDC), frondosas perennifolias (FDP), matorral (MTR) 
y pastizal (PST). Dentro de la zona de estudio se han seleccionado para su análisis los tres 
polígonos más extensos cuya fracción leñosa (arbolado y matorral) se encuentra en el rango 
de 30-50% característico de la dehesa (Figura 1).  
Dentro de los polígonos seleccionados se ha analizado la variabilidad espacial del arbolado 
mediante el uso de la ortofotografía digital generada en el marco del PNOT a partir de los 
datos de junio 2012. El fotomosaico (píxel de 0,25 m) correspondiente a la hoja 0624 del 
MTN50 (Mapa Topográfico Nacional 1:50.000) fue descargado del servidor del CNIG 
(http://centrodedescargas.cnig.es/CentroDescargas) en formato ECW, sistema geodésico de 
referencia ETRS89 y proyección UTM huso 30N. En la etapa de pre-procesamiento la imagen 
RGB fue convertida a escala de grises.  
Las imágenes (Figura 2A) fueron clasificadas en dos categorías: vegetación leñosa de 
árboles/matorral (píxeles con niveles de gris menor de 130) y pastizal (píxeles con niveles de 
gris mayor o igual a 130). Como resultado de la clasificación se ha obtenido una nueva 
imagen ráster con píxeles de dos valores: 1 para “cobertura arbórea” y 0 para “pastizal” 
(Figura 2B). Tras ello, aplicando funciones de estadística zonal, se calculó la cantidad de 




píxeles de “cobertura arbórea” en píxeles Landsat y, finalmente, el porcentaje de cobertura 
arbórea en píxeles Landsat (CA%) a través de la expresión: 
(5) 
donde n es la cantidad de píxeles con cobertura arbórea dentro del píxel Landsat y N=14400 
es la cantidad de píxeles de ortofoto en un píxel de la imagen satelital. 
 
                                  A                                                                    B            
Figura 2. (A) Identificación de un píxel de Landsat-5 TM sobre  la ortofotografía del PNOA; 
(B) Raster de clasificación de ortofotografía en “cobertura arbórea” (píxeles de valor 1) y 
“pastizal” (píxeles de valor 0).      
2.5. Análisis estadístico 
Se han establecido 7 categorías de dehesa en función del porcentaje de la cobertura arbórea: 
<10%; 10-20%; 20-30%; 30-40%; 40-50%; 50-60%; >60%. La determinación de los 
intervalos se basó en dos criterios: (1) generar intervalos regulares de cobertura arbórea dentro 
del rango de mayor representación de estos ecosistemas, entre 10% y 60% (Moreno y Pulido, 
2009; Pulido y Picardo, 2010); y (2) disponer de suficiente número de píxeles en cada 
categoría para hacer posible el equilibrio de las submuestras en el análisis estadístico. Para 
evitar la contaminación de los resultados por la influencia de las áreas adyacentes y de los 
componentes no propios de la dehesa, se han excluido del análisis los píxeles situados a 
menos de 120 m de los límites de polígonos, así como los pertenecientes a otras cubiertas 
diferentes a la dehesa (láminas de agua, cultivos, edificios). El análisis se concentró en los dos 
componentes estructurales de la dehesa: el estrato con presencia del material leñoso (árboles y 
matorral) y el estrato herbáceo. 
En cada categoría se ha identificado una muestra aleatoria de 1000 puntos (píxeles de la 
N
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imagen) que representan de manera equilibrada las 7 categorías de dehesa. Considerando los 
ciclos anuales de las variables climáticas y fenología del componente herbáceo de la dehesa, 
se han generado los compuestos de los datos correspondientes a los valores promedio de 
imágenes de cada estación climática (primavera, verano y otoño) (Tabla 1), realizándose la 
prueba de ANOVA y la prueba post hoc de Tamhane T2 para determinar la existencia de 
diferencias significativas de Ts y NDVI entre categorías. 
3. Resultados y discusión 
3.1. Cartografía de la cobertura arbórea 
La figura 3 representa la distribución espacial de los porcentajes de cobertura arbórea en el 
área de estudio. La clasificación digital de la ortofotografía permite identificar espacialmente 
el desigual reparto del arbolado en cada uno de los tres polígonos del SIOSE. 
 
Figura 3. Distribución espacial de la cobertura arbórea en el área de estudio. 
Los tonos marrones, correspondientes a las categorías en las que el recubrimiento del 
arbolado es intermedio (20-30% y 30-40%) son predominantes, ocupando en torno al 50% de 
la superficie analizada, lo que coincide con las descripciones del SIOSE para estas unidades 
(30% de cobertura arbórea y hasta 15% de matorral). En el otro extremo, el color verde 
oscuro, que representa las zonas en las que la ocupación del arbolado es superior al 60%, es 
poco representativo (~3.5% de la superficie), siendo más profuso en el extremo occidental del 
polígono situado al Oeste y en zonas específicas del polígono que ocupa la posición central. 
En el polígono oriental los píxeles de esta categoría son casi inexistentes.  
3.2. Patrones de distribución espacio-temporal del NDVI y Ts 
La distribución espacial de la Ts y el NDVI correspondientes a los compuestos de primavera, 
verano y otoño se muestra en la figura 4. Los valores más elevados de NDVI (con un valor 




promedio de ~0,57) se observan en el compuesto de primavera, presentando un reparto 
bastante homogéneo sobre la superficie analizada. Sin embargo, a nivel térmico, se aprecia 
una mayor heterogeneidad espacial que se concreta en un gradiente moderado con dirección 
este-oeste.  
 
Figura 4. Distribución de la Ts (izquierda) y NDVI (derecha) estimados a partir de las 
imágenes Landsat-5 TM en el área de estudio. 
Los valores más bajos de NDVI, tal como se esperaba, se recogen en el compuesto de verano. 
Su distribución presenta una gran variabilidad espacial, de tal modo que se reconocen sectores 
específicos en los que los valores de NDVI alcanzan valores elevados (~0,5) y otros en donde 
los valores de NDVI se aproximan a 0 (núcleo del polígono central). Este patrón se reproduce 
a nivel térmico al observarse diferencias considerables entre zonas en las que los valores de 
NDVI también son reseñables. Los valores de Ts más elevados se observan en el núcleo del 
polígono central y, en el extremo contrario, las Ts más bajas se recogen en la zona occidental, 
reproduciendo groseramente la distribución de los valores de NDVI y la de los porcentajes de 
cobertura arbórea. El compuesto de otoño (parte inferior de la figura 4) representa 
espacialmente una situación intermedia entre las dos anteriormente descritas.  




A nivel estadístico, la Tabla 2 y la Figura 5 (A-C) recogen, respectivamente, algunos 
indicadores descriptivos de la Ts y los intervalos de confianza para la media al 95%, extraídos 
de las distintas categorías de dehesa para los tres compuestos (primavera, verano y otoño).  
Tabla 2. Estadísticos descriptivos de la Ts (ºC) por categorías de dehesa y estaciones 
climáticas. 










<10 22.10 0.77 19.01 23.86 
10-20 21.94 0.77 19.59 23.83 
20-30 21.79 0.82 19.52 23.85 
30-40 21.60 0.88 19.19 23.89 
40-50 21.45 0.88 18.88 23.89 
50-60 21.41 0.85 19.02 24.53 








<10 42.11 1.03 38.48 44.38 
10-20 41.80 1.01 38.68 44.45 
20-30 41.46 1.06 38.14 44.35 
30-40 41.11 1.04 37.58 43.68 
40-50 40.76 1.10 37.43 43.59 
50-60 40.50 1.10 36.14 43.47 








<10 26.26 0.76 23.96 28.22 
10-20 25.97 0.77 23.52 28.17 
20-30 25.68 0.79 23.45 28.12 
30-40 25.44 0.80 23.19 28.07 
40-50 25.18 0.80 23.07 27.56 
50-60 25.05 0.82 22.19 27.17 
>60 24.74 0.88 22.03 27.05 
En términos generales, se advierte una clara relación entre los valores de Ts y los niveles de 
densidad del arbolado, de tal modo que un aumento del porcentaje de la fracción leñosa 
conlleva una disminución en los valores de la Ts. Esta relación inversa es muy evidente en los 
compuestos de verano y otoño, recogiéndose diferencias estadísticamente significativas entre 
todas las categorías (p ≤ 0,01). En cambio, en el compuesto de primavera sólo las categorías 
en las que la cobertura arbórea es inferior al 40% presentan diferencias estadísticamente 
significativas. De hecho, mientras que en los compuestos de verano y otoño las diferencias 
entre los valores promedio en las categorías extremas (<10% y >60%) adquieren cierta 
significación (~2,5º C), en el compuesto de primavera apenas alcanzan 1º C. 
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Figura 5. Distribución de la Ts (A-C) y NDVI (D-F) por categorías de dehesa (según 
intervalos de cobertura arbórea) en primavera (izquierda), verano (centro) y otoño (derecha). 
Las barras indican el intervalo de confianza 95% para el valor medio. 
Teniendo en cuenta el carácter perennifolio de Quercus ilex, la especie arbórea con mayor 
representación espacial en la dehesa de Cáceres, es precisamente la diferente contribución del 
estrato herbáceo y su variabilidad fenológica interanual el principal factor explicativo de la 
variabilidad espacial de la Ts en los diferentes compuestos. Concretamente, los procesos de 
senescencia del estrato herbáceo durante el verano y el incremento de la contribución del 
suelo desnudo a la radiación emitida explicarían el mayor contraste térmico que se produce 
entre diferentes categorías de densidad de arbolado. Además, la menor presencia de zonas con 
sombra en los píxeles con escaso arbolado también contribuye de manera positiva en el 
incremento de la Ts. En términos generales, en verano una disminución del 10% en la 
cobertura arbórea (con el consiguiente aumento porcentual de la cobertura de pastizal) se 
asocia con un aumento de 0,4º C en la Ts. En cambio, en primavera, cuando el estrato 
herbáceo se sitúa fisiológicamente en su máximo productivo, especialmente a finales de abril 




(San Miguel, 2009), se produce una reducción en la exposición de suelo desnudo y, sobre 
todo, un incremento de los procesos de transpiración que explicarían la disminución de 
gradientes térmicos entre categorías de dehesa. En otoño, a pesar de existir un máximo 
secundario en la producción de biomasa a principios de noviembre (Moreno y Pulido, 2009), 
se recoge un patrón de distribución semejante al de verano, aunque los contrastes térmicos 
entre densidades de arbolado son más moderadas. En este caso se aprecia un decremento de 
0,25º C por cada incremento del 10% en la cobertura arbórea. 
Por tanto, son las variaciones fisiológicas del estrato herbáceo, complemento del arbóreo en 
los sistemas de dehesa, las que parecen explicar en gran medida los patrones de distribución 
espacial de la Ts. El análisis de la distribución de los valores de NDVI en las categorías de 
dehesa permite comprobar este extremo (Tabla 3, Figura 5 D-F).  
Tabla 3. Estadísticos descriptivos de NDVI por categorías de dehesa y estaciones climáticas. 










<10 0.57 0.06 0.24 0.71 
10-20 0.56 0.05 0.33 0.69 
20-30 0.56 0.05 0.31 0.72 
30-40 0.56 0.05 0.39 0.69 
40-50 0.57 0.05 0.37 0.70 
50-60 0.57 0.04 0.35 0.69 








<10 0.29 0.03 0.20 0.39 
10-20 0.31 0.02 0.23 0.39 
20-30 0.32 0.03 0.23 0.46 
30-40 0.34 0.03 0.25 0.45 
40-50 0.35 0.03 0.23 0.47 
50-60 0.37 0.03 0.18 0.52 








<10 0.35 0.04 0.23 0.48 
10-20 0.36 0.04 0.24 0.49 
20-30 0.38 0.04 0.27 0.51 
30-40 0.40 0.03 0.27 0.51 
40-50 0.42 0.04 0.26 0.55 
50-60 0.43 0.04 0.27 0.59 
>60 0.45 0.05 0.30 0.62 
El NDVI, al ser un índice espectral muy correlacionado con variables biofísicas como la 
actividad clorofílica, la densidad y el vigor de la vegetación, presenta valores muy 
homogéneos (valor medios ~ 0,57, Tabla 2) en el compuesto de primavera 
independientemente de la densidad del arbolado. De este modo, no se recogen diferencias 
significativas entre las categorías (p>0,05). Por el contrario, en los compuestos de otoño y, 




especialmente, en el verano, se recogen diferencias significativas en los valores de NDVI 
entre categorías de arbolado. Los niveles de NDVI más altos se observan en la categoría con 
el máximo porcentaje de cobertura arbórea (>60%) disminuyendo en forma progresiva hasta 
llegar a los niveles más bajos en las categorías con predominio de pastizal, lo que demuestra 
un patrón de distribución completamente diferente (aunque relacionado) al presentado por la 
Ts.  
Los diagramas de dispersión de la figura 6 representan las relaciones, píxel a píxel, entre los 
valores promedio de la Ts y los promedios de NDVI en los compuestos de primavera (6A), 
verano (6B) y otoño (6C). El color de los puntos hace referencia a los porcentajes de 
cobertura arbórea.  
 
A                                               B                                                  C 
Figura 6. Diagramas de dispersión de NDVI y Ts en primavera (A), verano (B) y otoño (C).  
De acuerdo con la interpretación del espacio formado por las variables NDVI-Ts sugerida por 
Jiang e Islam (2001), los puntos correspondientes a zonas de suelo desnudo se localizarían en 
el extremo superior izquierdo, lugares donde la fracción leñosa es muy baja; en cambio, los 
puntos correspondientes a los píxeles completamente cubiertos por vegetación se localizarían 
en el extremo inferior derecho.  
De esta manera, en los diagramas de los compuestos de verano y otoño se advierte una 
relación negativa entre los valores de NDVI y Ts y una organización de los píxeles acorde a 
los parámetros preestablecidos. Sin embargo, en el compuesto de primavera esta relación es 
inexistente y las diferentes clases de arbolado se solapan en el espacio del diagrama NDVI-Ts 
generando una distribución más homogénea en la que los píxeles rojos, correspondientes a las 
categorías con porcentajes inferiores al 10% de cobertura arbórea, aparecen en toda la nube de 




puntos. Esto es debido a que en esta fecha la vegetación muestra una elevada actividad 
fotosintética, independientemente de la proporción del estrato arbóreo o del pastizal.  
4. CONCLUSIONES 
El análisis cartográfico de los polígonos de dehesa (obtenidos a partir de SIOSE) mediante 
ortofotografía de alta resolución espacial permite evaluar la heterogeneidad de los niveles de 
cubrimiento del arbolado dentro de los ecosistemas de dehesa, proporcionando un mayor 
nivel de precisión en el análisis de las relaciones con la Ts. 
Se analizan los patrones espacio-temporales de la Ts estimada a partir de la serie de imágenes 
Landsat-5 TM del período 2009-2011 y su relación con las categorías de dehesa. La 
distribución espacial de la Ts está estrechamente relacionada con la cobertura de la superficie 
por la vegetación: la Ts más baja se observa en las áreas con mayor cobertura de la vegetación 
y la más elevada en las zonas de vegetación senescente o suelo desnudo. Por esa razón, en el 
ecosistema de dehesa el patrón espacial de Ts depende del ciclo fenológico del pastizal, que 
es el componente más dinámico. El ciclo de desarrollo del estrato herbáceo contiene 
momentos de intenso vigor en la primavera, así como estado de senescencia en verano. Esto 
explica la relación negativa que existe entre la cobertura arbórea y la Ts. Esta relación es más 
pronunciada en verano (diferencia entre los promedios de las categorías extremas (<10% y 
>60%) se acerca a 2,5ºC) debido al estado senescente de las herbáceas y a la menor 
importancia de las sombras proyectadas por el estrato arbóreo, observándose un aumento de 
Ts de 0,4 ºC con cada disminución de 10% en la cobertura arbórea. Las diferencias en la Ts 
entre los tipos de dehesa se mantienen en primavera, aunque son de menor magnitud (~1ºC) 
por cuanto la vegetación de los dos estratos de la dehesa (arbóreo y pastizal) está en el 
máximo vigor y el promedio de las diferencias en Ts con la disminución de 10% en la 
cobertura arbórea se reduce a 0,1 ºC. 
El estudio en su conjunto responde a la necesidad de generar información que pueda ser 
integrada en los modelos de respuesta del ecosistema de dehesa a los efectos del cambio 
climático (Moreno y Pulido, 2009; Joffre et al., 1999). En este contexto, se ha demostrado la 
capacidad de los sensores remotos para monitorizar la variabilidad espacio-temporal de la 
temperatura de la superficie (Ts), una de las variables destacadas en otras investigaciones (a.o. 
Plieninger et al., 2004), y contribuir así a la definición de estrategias para mantener la 
sostenibilidad de este ecosistema. 
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10. Conclusions and future research 
10.1 Main findings 
The present research analyzes the potential of Landsat images as a source of land surface 
temperature (LST) data. Spatio-temporal patterns of LST estimated from Landsat images and 
their relationship with vegetation cover are studied in areas affected by forest fires and in tree-
grass woodlands (dehesas) located in central and northeastern Spain. The most important 
results of the study are presented below:    
1. Comparison of single band algorithms for LST estimation from Landsat images in 
Mediterranean ecosystems of dehesa: 
 Single-Channel method and inversion of Radiative Transfer Equation with 
atmospheric correction parameters from ACPC on-line tool can be used for LST 
estimation from Landsat-5 TM thermal band with an error of ~1 K. 
 There is a seasonal bias in the results obtained by Mono-Window method due to the 
worse fit of the coefficients to real atmospheric conditions in the study area. 
 The best results (RMSD = 0.5 °C) were obtained using Single-Channel method. This 
algorithm, which does not require radiosounding data, is considered the most adequate 
for integration with MODIS LST product MOD11_L2. 
 
2. Analysis of spatio-temporal patterns of Landsat LST in Mediterranean forests affected by 
wildfires and its relationship with burn severity 
 
 This study generates cartography  of LST, one of the parameters controlling physical 
processes in areas affected by wildfires, and describes relations between burn severity 
and post-fire vegetation recovery.   
 In Las Hurdes burn (Extremadura, Spain), LST values in the zones of high burn 
severity were 10 °C higher than in the unburned areas. Although these differences 
decrease with the pass of time, they are still detectable two years after fire.  
 LST contrasts in the areas of different burn severity are enhanced by the aspect and 
illumination geometry, being higher for the better-illuminated slopes.  





3. Analysis of the effects of different post-fire wood treatments on vegetation recovery 
(through NDVI) and LST 
 
 The study leads to the conclusion that in ecosystems highly resilient to fire, such as 
Pinus halepensis forests, post-fire recovery in terms of NDVI is high with or without 
application of active strategies for burnt wood management. However, in terms of 
vegetation recovery and LST distribution, statistically significant differences were 
observed between intervened and not intervened areas. Intervened areas showed lower 
levels of vegetation cover and higher values of LST. On the other hand, no statistically 
significant differences have been detected between the zones of two treatments. 
 
 Remotely assessed levels of vegetation cover and LST distribution in burnt areas can 
be used as indicators in diagnostics of recovery and efficiency of applied treatments, 





4. Analysis of spatio-temporal patterns of Landsat LST in Mediterranean tree-grass 
ecosystem (dehesa) and their relationship with vegetation fenology 
 
 In dehesa spatial patterns of LST depend on phenology of pasture, tree density and 
shadows projected by tree canopies. There is negative relation between the tree cover 
and LST; 0.4 ºC temperature increase is observed for each 10% of decreasein tree 
cover.      
 
 In spring negative relation between LST and tree cover is less pronounced, because 
vegetation greenness is at its maximum.  At this moment the observed rate of LST 








10.2 New research lines derived from the thesis: 
 Application of Landsat LST in modeling of carbon and water fluxes in heterogeneous 
ecosystems.  
 
 Analyze relationship between LST, burn severity and vegetation regeneration in other 
ecosystems.   
 
 Combine LST with traditional burn severity metrics in order to improve spatial 
differentiation of severity levels in fire-affected areas.    
 
 Assess methods for LST estimation from Landsat images in tropical coastal 
ecosystems of Ecuador; combine Landsat LST with data from high-resolution remote 














11. Conclusiones y trabajos futuros 
11.1 Principales hallazgos 
La presente investigación se enmarca en el análisis del potencial de las imágenes Landsat 
para obtener cartografía de la temperatura de superficie (LST). Los patrones espacio-
temporales de LST y su relación con la cobertura vegetal se estudian en áreas afectadas por 
incendios forestales y en ecosistemas de dehesa, situados en el centro y noreste de España. 
Los resultados más importantes de este estudio se presentan a continuación: 
1. Comparación de los algoritmos de una banda para la estimación de la LST desde las 
imágenes Landsat en los ecosistemas Mediterráneos de dehesa: 
 El método mono-banda (SC) y la inversión de la Ecuación de la Transferencia 
Radiativa (RTE) con los parámetros de corrección atmosférica de la herramienta web 
ACPC pueden ser utilizados para la estimación de la LST a partir de la banda térmica 
de Landsat-5 TM con el error de ~1 K. 
 Existe un sesgo estacional en los resultados obtenidos por el método de mono-ventana 
(MW) debido al peor ajuste de los coeficientes a las condiciones atmosféricas reales 
en el área de estudio. 
 Los mejores resultados (RMSD = 0.5 ºC) se obtuvieron con el método mono-banda 
(SC). Este algoritmo, que no requiere de datos de radiosondeos, es considerado el más 
adecuado para la integración con el producto de temperatura de superficie de MODIS 
MOD11_L2. 
2. Análisis de los patrones espacio-temporales de la LST de Landsat en bosques 
mediterráneos afectados por los incendios forestales y su relación con la severidad de fuego: 
 En este estudio se genera cartografía multitemporal deLST, uno de los parámetros 
clave en el control de los procesos físicos en las áreas afectadas por incendios, y se 
describen las relaciones entre la severidad del incendio y la recuperación post-incendio 
de la vegetación.  




 En el incendio de Las  Hurdes (Extremadura), en las zonas de severidad alta se 
registraron valores de LST hasta 10 ºC superiores a las no quemadas. Estas diferencias 
disminuyen con el paso de tiempo, aunque siguen siendo detectables dos años después 
del fuego. 
 Los contrastes de LST en las áreas de diferente severidad de incendio se acentúan en 
función de la orientación y la geometría de iluminación, siendo más altos para las 
laderas mejor iluminadas.               
3. Análisis de los efectos de los diferentes tratamientos post-incendio de madera sobre la 
recuperación de vegetación (a través de NDVI) y la temperatura de superficie:  
 A partir de este estudio se concluye que en ecosistemas muy resilientes, como los 
bosques de Pinus halepensis, la recuperación post-incendio en términos de NDVI es 
elevada, independientemente de que se apliquen o no medidas para la gestión activa de 
la madera quemada. Sin embargo, en términos de recubrimiento vegetal y en relación 
con la distribución de la LST, se constatan diferencias estadísticamente significativas 
entre las áreas intervenidas y las no-intervenidas. Las últimas muestran niveles más 
bajos de recubrimiento vegetal y valores de LST más altos. Por otro  lado, entre las 
zonas en las que se han aplicado los dos tratamientos no se recogen diferencias 
significativas.  
 Los niveles de recubrimiento vegetal y la distribución de la LST en zonas quemadas, 
medidas mediante teledetección, pueden ser utilizados como indicadores en el 
diagnósticos de la recuperación y eficacia de los tipos de tratamiento aplicados, en la 
medida de que sintetizan importantes procesos que protagonizan las interacciones 
suelo-planta-atmósfera. 
4. Análisis de los patrones espacio-temporales de la LST en los ecosistemas de dehesas 
Mediterráneas y su relación con la fenología de vegetación: 
 El patrón espacial de LST depende del ciclo fenológico del pastizal,  de la densidad 
del arbolado y de la sombraproyectada por el estrato arbóreo. Se observa  un aumento 
de la LST de 0,4 ºC con cada disminución de 10% en la cobertura arbórea.  




 In spring negative relation between LST and tree cover is less pronounced, because 
vegetation greenness is at its maximum.  At this moment the observed rate of LST 
increase per 10% decrease of tree cover constitutes only 0.1 ºC.  
11.2 Nuevas líneas de investigación derivadas de la tesis: 
 Aplicación de los productos cartográficos de LST en los modelos de flujos de carbono 
y agua en ecosistemas heterogéneos. 
 Análisis de la relación entre LST, la severidad de incendios y la regeneración de 
vegetación en otros ecosistemas. 
 Combinar la LST con las métricas tradicionales para mejorar la diferenciación espacial 
de los niveles de severidad en áreas afectadas por fuegos forestales.  
 Evaluación de los métodos para la estimación de LST a partir de las imágenes Landsat 
en ecosistemas tropicales de las áreas costeras de Ecuador; combinar la LST derivada 
de datos Landsat con los datos de los sensores remotos de alta resolución para detectar 
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